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Abstract 

Climate change poses severe challenges to global food security. Wheat is one of staple 

food crops worldwide, and its production faces mounting pressures from rising food demand due 

to quick increase in world population. Furthermore, increasing exposure to climate extremes, such 

as heat and drought, during sensitive growth stages can cause abrupt yield shocks, threatening its 

production sustainability. However, the mechanisms underlying climate-crop interactions remain 

poorly understood despite decades of research. The U.S. Great Plains is the nation’s primary hard 

winter wheat belt and breadbasket. Recent rapid changes in temperature and precipitation during 

wheat development have significantly affected wheat production in the region. To address these 

issues, we investigated how drought shocks, breeding progress, and phenological shifts have 

collectively shaped winter wheat resilience under historical climate change in the region. By 

analyzing long-term surface climate data from dryland wheat-growing regions at both county- and 

site levels using statistical and machine-learning approaches, we showed that the unprecedented 

2022-2023 drought reduced U.S. hard winter wheat production by 37% through both yield 

reduction and crop abandonment, driving Dust Bowl-like impacts. Random forest and game-

theoretic analyses revealed that spring drought primarily drove yield reduction, whereas fall 

drought dominated crop abandonment. Moreover, the La Niña phase of the El Niño-Southern 

Oscillation (ENSO) significantly increased abandonment rates compared to El Niño, underscoring 

the need to jointly address yield decline and abandonment to stabilize production under climate 

extremes. Analyzing cultivar-specific data from 1982 to 2020, we found that compound hot-dry 

(HD) events during the grain filling period reduced yields by an average of 6%, whereas breeding-

driven yield gains were accompanied by reduced HD resilience: newer cultivars exhibited greater 

yield potential but increased sensitivity to HD stress. These findings revealed a trade-off between 



 

 

productivity and resilience, pointing to the urgent need to reorient breeding strategies toward 

increasing abiotic stress tolerance. To investigate the long-term climate trend impacts on yield, we 

accounted for climate-driven shifts in phenology, often overlooked in previous studies, by tracking 

the same cultivar cultivated in the same fields across decades. We approximated this experiment 

using the constant check cultivar ‘Kharkof,’ cultivated for 65 years (1960-2024) across the Great 

Plains, and demonstrated that long-term warming advanced phenological stages and extended the 

reproductive window (double ridge-heading), partially offsetting the negative impacts of heat 

stress. Warming also reduced cold injury in high-latitude regions, contributing to yield gains. In 

contrast, the fixed-season assumption overestimated the negative impacts of climate trends by 

nearly threefold, largely because it exaggerated the negative effects of rising temperatures. Those 

findings highlight the critical role of phenological shifts in modulating climate impacts on crop 

yields and provide a more nuanced understanding on how historical climate trends have shaped 

crop yields. This work provides a more nuanced view of climate-crop interactions and identifies 

adaptation pathways, which may benefit development of climate-informed policy for improvement 

of wheat breeding strategy and abiotic stress management.  
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Abstract 

Climate change poses severe challenges to global food security. Wheat is one of staple 

food crops worldwide, and its production faces mounting pressures from rising food demand due 

to quick increase in world population. Furthermore, increasing exposure to climate extremes, such 

as heat and drought, during sensitive growth stages can cause abrupt yield shocks, threatening its 

production sustainability. However, the mechanisms underlying climate-crop interactions remain 

poorly understood despite decades of research. The U.S. Great Plains is the nation’s primary hard 

winter wheat belt and breadbasket. Recent rapid changes in temperature and precipitation during 

wheat development have significantly affected wheat production in the region. To address these 

issues, we investigated how drought shocks, breeding progress, and phenological shifts have 

collectively shaped winter wheat resilience under historical climate change in the region. By 

analyzing long-term surface climate data from dryland wheat-growing regions at both county- and 

site levels using statistical and machine-learning approaches, we showed that the unprecedented 

2022-2023 drought reduced U.S. hard winter wheat production by 37% through both yield 

reduction and crop abandonment, driving Dust Bowl-like impacts. Random forest and game-

theoretic analyses revealed that spring drought primarily drove yield reduction, whereas fall 

drought dominated crop abandonment. Moreover, the La Niña phase of the El Niño-Southern 

Oscillation (ENSO) significantly increased abandonment rates compared to El Niño, underscoring 

the need to jointly address yield decline and abandonment to stabilize production under climate 

extremes. Analyzing cultivar-specific data from 1982 to 2020, we found that compound hot-dry 

(HD) events during the grain filling period reduced yields by an average of 6%, whereas breeding-

driven yield gains were accompanied by reduced HD resilience: newer cultivars exhibited greater 

yield potential but increased sensitivity to HD stress. These findings revealed a trade-off between 



 

 

productivity and resilience, pointing to the urgent need to reorient breeding strategies toward 

increasing abiotic stress tolerance. To investigate the long-term climate trend impacts on yield, we 

accounted for climate-driven shifts in phenology, often overlooked in previous studies, by tracking 

the same cultivar cultivated in the same fields across decades. We approximated this experiment 

using the constant check cultivar ‘Kharkof,’ cultivated for 65 years (1960-2024) across the Great 

Plains, and demonstrated that long-term warming advanced phenological stages and extended the 

reproductive window (double ridge-heading), partially offsetting the negative impacts of heat 

stress. Warming also reduced cold injury in high-latitude regions, contributing to yield gains. In 

contrast, the fixed-season assumption overestimated the negative impacts of climate trends by 

nearly threefold, largely because it exaggerated the negative effects of rising temperatures. Those 

findings highlight the critical role of phenological shifts in modulating climate impacts on crop 

yields and provide a more nuanced understanding on how historical climate trends have shaped 

crop yields. This work provides a more nuanced view of climate-crop interactions and identifies 

adaptation pathways, which may benefit development of climate-informed policy for improvement 

of wheat breeding strategy and abiotic stress management.
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Chapter 1 - Introduction 

Wheat is a major global staple crop, providing about one-fifth of the world’s dietary 

calories and playing a vital role in food security1. However, wheat production is increasingly 

challenged by climate variability, extreme weather, and socio-economic disruptions2,3. Recent 

years have seen the dual pressures of climate extremes, such as drought and heat stress4,5, and 

geopolitical instability1, which has disrupted global wheat supply chains. As one of the largest 

wheat producers and exporters, the U.S. plays a crucial role in stabilizing the global wheat 

market4,5. Yet, U.S. wheat production has experienced substantial yield losses and crop 

abandonment due to extreme climate events. Understanding how climate extremes, breeding 

progress, and long-term climate change affect U.S. winter wheat production is essential for 

ensuring future food security and guiding adaptation strategies. This dissertation addresses these 

challenges through three interconnected studies, each focusing on a distinct but complementary 

aspect of climate impacts on winter wheat. 

The first study examines the unprecedented drought during the 2022-2023 growing season, 

which caused record-low precipitation and severe yield losses across the U.S. winter wheat belt. 

The drought was particularly severe in Kansas, the nation’s leading wheat-producing state4, where 

precipitation dropped 60% below the long-term average, causing poor establishment and 

compromised yield potential. Using combinatorial analytics and a random forest modeling 

framework, this chapter quantifies the impacts of extreme drought and other climatic anomalies 

on both yield and crop abandonment. Additionally, the study explores how large-scale climate 

phenomena, such as ENSO phases6,7, modulate regional production outcomes. By linking observed 

yield and abandonment losses to underlying climatic drivers, this chapter provides critical insights 
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into the mechanisms behind extreme production shocks and underscores the vulnerability of U.S. 

winter wheat systems to rare but high-impact climatic events. 

The second study focuses on the role of historical breeding programs in improving climate 

resilience, particularly to compound hot-dry events, which severely impact U.S. agriculture5,8 and 

cause global crop yield losses of up to 30%9. Climate resilience refers to the capacity of a system 

to maintain stable performance under varying environmental stress levels, and in wheat, this is 

reflected by cultivars’ ability to sustain yield improvements under stressed environments10-12. 

Using field trial data from the U.S. Hard Winter Wheat region, this chapter assesses whether yield 

gains have been maintained across different environmental stress levels and breeding progress has 

enhanced cultivar tolerance to hot-dry events. By linking breeding progress with climate 

sensitivity, the study provides empirical evidence of how the sensitivity of modern cultivars to hot-

dry events has changed over time and offers guidance for breeding programs aimed at enhancing 

resilience to climatic stresses. This analysis not only informs breeding priorities but also provides 

insight into the broader interactions between genetic improvement and environmental pressures.  

The third study investigates how long-term climate change and phenological shifts 

influence winter wheat yield trends across the Great Plains. Crop development is strongly 

temperature-dependent, and warming conditions accelerate growth, advancing key stages such as 

heading and flowering13-17. These shifts can either exacerbate or mitigate exposure to climatic 

stresses, depending on the timing of heat, drought, or frost events. Most previous studies assume 

a fixed growing season18-21, potentially overlooking the effects of phenological adaptation. By 

isolating the effects of phenological adaptation from those of direct climate forcing, this study 

provides a more realistic assessment of how gradual warming and changing precipitation patterns 

have shaped winter wheat yield trends over time. Using a long-term fixed-cultivar dataset from the 
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U.S. Hard Winter Wheat Regional Nursery Program, the study quantifies climate-driven yield 

changes while controlling for genetic effects. This work advances understanding of long-term 

climate impacts and informs future adaptation and management strategies.  
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Chapter 2 - An unprecedented fall drought drives Dust-
Bowl-like losses associated with La Niña events in U.S. 

wheat production 
 

 2.1 Introduction 

Global wheat production faces a challenge due to the ongoing conflict between Ukraine 

and Russia, which has resulted in a 60% reduction in wheat trade and, consequentially, a 50% 

surge in wheat prices1,2. In response to this crisis, the U.S., which is recognized as the “wheat 

breadbasket of the world,” expanded its acreage of winter wheat by 11% during 2022/2023 

compared to the previous year. During this period, the U.S. wheat heartland encountered an 

unforeseen and unprecedented challenge from extreme weather events. In the fall of 2022 (August 

- October), most states in the U.S. winter wheat belt, including Texas, Oklahoma, Kansas, 

Colorado, and Nebraska, experienced a substantial precipitation deficit (Figure 2.1a). This drought 

was particularly detrimental in Kansas, known as the “wheat state,” which produces the most 

winter wheat in the U.S.3. In the past 40 years (1981-2020), Kansas produced 359 million bushels 

of winter wheat per year on average, representing 23% of the U.S. total. In 2022/2023, Kansas had 

a record-setting precipitation deficit dating back to 1896 (Figure 2.1a,b), with the amount of 

precipitation falling to 84 mm, 60% below the average between 1981-2010. Similar precipitation 

patterns and dryness rankings were observed across the entire U.S. winter wheat belt (Figure 2.1a).   

Such an extreme drought affected winter wheat emergence, growth, and development, 

leading to the latest emergence date and the second-longest duration between planting and 

emergence dates in the past 40 years, which covers all available historical data (Figure 2.1c). These 

adverse conditions dually compromised both establishment and growth. Furthermore, crop growth 

conditions in the first week of November 2022 were the poorest on record over the period from 



7 

1987 to 2023 (Figure 2.1d). The severe drought conditions persisted into the spring of 2023 (Figure 

2.1a,b,d), further hampering growth and tillering. In Kansas, the extreme lack of precipitation in 

the fall and spring resulted in large portions of winter wheat emerging in late spring rather than in 

early fall, shortening the period of crop development and compromising the crop’s yield potential. 

Figure 2.1. Driest rankings in the U.S. over 128 years and the 2022-2023 winter wheat 
growth conditions in “wheat state” of Kansas (KS). a, Rankings (driest) of accumulated 
precipitation (Prcp) during August-October 2022 and March-May 2023 over the past 128 
years (1896-2023; harvested years). b, Precipitation anomalies during August-October and 
March-May with the base period of 1981-2010 in Kansas.  c, Wheat phenological statistics 
of emergence date (day of year, DOY) and duration between planting and emergence dates 
(days) from 1982 to 2023. d, Wheat growth conditions (%) in early November (first week) 
and late May (fourth week) from 1987 to 2023. The boxes delimit the 25th and 75th 
percentiles; whiskers indicate 5th and 95th percentiles; and vertical black lines represent the 
50th percentile. Red solid circles in b and vertical lines in c and d are for 2023 harvest year. 
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Using combinatorial analytics, the extreme climatic conditions encountered during the 2022/2023 

growing season presented a unique opportunity to understand how such events converge to 

influence winter wheat production.  

Despite increasing research efforts, the quantitative linkages between extreme climatic 

change and wheat production remain ambiguous. Annual wheat production equals the product of 

per-harvested-acre yields and harvested acreage4. Both production components can theoretically 

be affected by climate variability and climate change. Most studies have focused on how in-season 

climatic factors, such as overall growing-season warming3,5, extreme in-season temperatures6,7, 

and crop-seasonal droughts8,9, affect wheat yields. However, these studies may bear uncertain 

implications for estimating production variability, because the far-reaching impact of climate 

extends beyond in-season effects and also beyond mere reductions in crop yields8,10-12. 

Specifically, crop abandonment, defined as the difference between planted and harvested area 

normalized to the planted area13, contributes to market volatility14, global food insecurity15, and 

greater crop insurance claims, which have been overlooked in many studies9,16. Recent studies 

have explored the relationship between climate variability and crop abandonment, the results of 

which are typified by crop failure10, a decrease in harvested ratio (the ratio of harvested area to 

planted area)17,18, and changes in crop frequencies (number of crops harvested per growing 

season)19. For example, normal temperatures or precipitation tend to increase the harvested ratio, 

while extreme climate conditions cause it to decrease, particularly in maize and soybean18. 

Consequently, relying solely on per-harvested-acre wheat yield as a gauge of production variability 

can cause uncertainty when estimating the impact of climatic variability on wheat production. To 

bolster global food security20, it is imperative to integrate crop abandonment data into that of wheat 

yields when assessing production declines that are attributable to extreme weather events and 
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climatic changes.  

The occurrence of an unprecedented drought in Kansas during the 2022/2023 pre-season 

and growing season, along with the availability of long-term data on wheat production in the state 

dating back to 1926, allowed us to explore the underlying mechanistic impacts of extreme climatic 

events on variability of wheat production. Utilizing a random forest (RF) regression model21, we 

provide quantitative evidence of 2023 production loss resulting from both crop abandonment and 

yield variation, and compared that to the winter wheat production loss in both the decade of the 

Dust Bowl (i.e., 1930s), which was marked by the most prolonged and severe drought in modern 

U.S. history22,23, and the latest decade between 2013-2022. We then quantitatively disentangled 

the climatic drivers underlying the extreme events that caused the extreme crop abandonment and 

yield losses by integrating the RF model with a game theory tool24. Our objectives were to 

understand the impact of pre-seasonal and in-season droughts on winter wheat production 

including crop abandonment and yield losses per se. Considering the widespread influence of the 

El Niño Southern Oscillation (ENSO) on fall precipitation in the U.S. winter wheat belt25,26 and 

high predictability of larger amplitude ENSO events27,28, we simultaneously explored the potential 

connections between ENSO phases and crop abandonment that might benefit predictive crop 

monitoring and early warning systems29 in the U.S. winter wheat belt.  

 

 2.2. Material and Methods 

2.2.1 Data  

County- and state-level winter wheat yield, harvested area, and planted area data were 

retrieved from the U.S. Department of Agriculture, National Agricultural Statistics Service 

(USDA-NASS) for all counties in Kansas and spanning the years 1926-2023. State-level planting 
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and emergence dates (1982-2023) and weekly crop condition reports (1987-2023) were also 

collected from USDA-NASS, which are the longest length available for the data. Climatic data 

(precipitation, maximum temperature, and minimum temperature) from 1895 to 2023 were 

obtained from the monthly U.S. Historical Climatology Network (USHCN) maintained by the 

National Oceanic and Atmospheric Administration (NOAA). The monthly sea surface 

temperatures (SST) were taken from the Met Office Harley Centre Observations datasets 

(HadISST v1.1)30 for calculating ENSO signals based on the Niño3.4 region (5oN – 5oS, 120o – 

170oW). Crop conditions were evaluated using an index ranging from 0 to 100%31. The growing 

season of winter wheat is generally considered to be September-May in Kansas7, but we used 

climatic data starting in August to capture the effects of climate in the month preceding planting. 

We divided the growing season into fall (August-October), winter (November-February), spring 

(March-April), and early summer (May, wheat grain filling). 

 

2.2.2 Modelling 

Based on the conceptual framework (Supplementary Text A), we ran two separate random 

forest (RF) models to estimate two components of production losses due to climate variation: the 

abandonment fraction and yield anomalies. Abandonment fraction here is expressed as !"#$"
!"

, 

where PA and HA are the planted and harvested areas, respectively, in hectares. This expression 

enables meaningful comparisons across different county-years with varying planted areas. Yield 

anomalies were calculated as the difference between actual yields and expected yields, with 

expected yields representing the historical yield trends driven by agricultural advancements in 

breeding technology and crop management. Thus, a negative anomaly suggests that yields are less 

than expected, possibly due to an adverse climate, disease, or other challenges. Yield trends were 
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evaluated using a locally weighted smoothing regression32 with the standard setting of the function 

(Figure A.10).  

The RF specifications for abandonment fraction (fab) and yield anomaly (ΔY) are: 

                                 𝑓𝑎𝑏%,' = 𝐹&𝑐𝑙𝑚%,' , 𝑝𝑟𝑖𝑐𝑒'/ + 𝜀%,'																												[1] 

                                         ∆𝑌%,' = 𝐹&𝑐𝑙𝑚%,'/ + 𝜀%,'																																				[2] 

where F is a random forest function; clmc,y represents the climate variables including monthly or 

seasonal maximum temperature (Tx, oC) and minimum temperature (Tn, oC), and accumulated 

precipitation (Prcp, mm) during four growth periods for county “c” and year “y”; the detrended 

pricey (inflation-adjusted based on the consumer price index of 2023) by the locally weighted 

smoothing regression was incorporated into the “fab” model to isolate the effects of price changes 

on farmers’ decisions to abandon their crop; εc,y refers to the error. The number of trees and the 

number of variables tested at each node in the RF model are two key parameters21. In order to 

determine the optimum parameters for each model above, we partitioned 90% of data to train 

model and remaining 10% of data to test model. The model predicted performance was estimated 

by the coefficient of determination (R2) and root mean square error (RMSE) (Table A.1 and Figure 

A.1). 

The RF results were used to estimate climate-driven production changes from yield and 

abandonment relative to the historical climate-driven average production over 1981-2010 (𝑃()*+: ) 

for the Dust Bowl decade (1931-1940), the latest decade (2013-2022), and year 2023. The wheat 

price in the “fab” model was fixed to the average of 1981-2010 to isolate price effects. State-level 

production change (%P’) in specific years of interest (e.g., 2023) was defined as a relative change: 

														%𝑃,' =	
∆𝑃-)(,' + ∆𝑃.,'

𝑃()*+: ×100																										[3] 

where ∆𝑃-)(,' and ∆𝑃.,' are defined as climate-caused production changes from the changes in 
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abandonment and in yields, respectively. Details of calculations for these two components are 

given in Supplementary Text A. 

 

2.2.3 The climate driver of extreme abandonment or yield loss  

Next, we integrated a game theory (Shapley additive explanations, SHAP)24 into the RF 

models (Eqs. [1] and [2]) to assess the critical climate drivers in extreme wheat abandonment and 

yield loss. Specifically, for all instances of extreme wheat abandonment and yield loss events, we 

used SHAP values to infer variable importance in the model outcome33. SHAP values are a 

machine learning analogue of partial regression, quantifying the relative importance of each 

variable on the outcome while considering all other variables in the model. The overall variable 

importance was determined by the mean of the absolute value of the SHAP values, and the 

marginal effect of variable with the highest relative importance was visualized by plotting the 

covariate versus the corresponding SHAP value for each observation. Finally, we assessed the 

critical extreme climate drivers in severe wheat abandonment and yield losses (Supplementary 

Text A).  

 

2.2.4 Robustness checks  

To ensure the robustness of our analysis, we conducted two checks on the RF models with 

two additional sets of predictors. First, we substituted the precipitation in our preferred RF models 

with the mean monthly Palmer Z-index sourced from NOAA. The Z-index is a measure of the 

monthly moisture anomaly and reflects the departure of moisture conditions from normal moisture 

conditions in a particular month34. Second, due to the high collinearity between mean temperature 

and extreme hot/cold days, we tested the fraction of warm days and cold days to replace the mean 
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Tx and Tn in our models to evaluate our results (Figures A.4 and A.5, and Table A.1). Specifically, 

the daily maximum and minimum temperatures were taken from the daily Global Historical 

Climatology Network (GHCN) and interpolated with a Delaunay Triangulation method35 to the 

centroid of each county in Kansas. Then, we defined the fraction of warm/cold days by calculating 

the number of days with maximum/minimum temperatures above/below the local historical 

90th/10th percentile divided by the duration of growing season. 

 

2.2.5 Crop abandonment statistics during ENSO phases 

To spatially analyze the impacts of ENSO oscillation on crop abandonment, we broadened 

our coverage to encompass the entire U.S. winter wheat belt, including Nebraska, Colorado, 

Kansas, Oklahoma, and Texas. Data for planted and harvested areas at the county and state levels 

were collected from USDA-NASS, and corresponding available years are provided in Table A.2. 

We selected counties with both more than 50 available years of data and an average harvested area 

(1981-2010) exceeding 5,000 hectares. We next calculated averages of detrended crop 

abandonment (fab) based on locally weighted smoothing regression (i.e., Figure A.11) at specific 

ENSO phases: 

		𝑓𝑎𝑏/0	23ñ5,6 =	
∑ 𝑓𝑎𝑏%,',7879
':3;3<3)0

𝑁/0	23ñ5
; 𝐸𝑁𝑆𝑂 > 0.5

		𝑓𝑎𝑏	=)	23ñ>,6 =	
∑ 𝑓𝑎𝑏%,',7879
':3;3<3)0

𝑁=)	23ñ>
; 𝐸𝑁𝑆𝑂 < −0.5

																	[4] 

where 𝑓𝑎𝑏/0	23ñ5,6 and 𝑓𝑎𝑏		=)	23ñ>,6 are the average crop abandonment anomalies in El Niño and 

La Niña years (“y”) for county “c”, respectively; N refers to year numbers of the specific ENSO 

phase; 𝑓𝑎𝑏, refers to detrended crop abandonment anomalies. The ENSO signal here is defined as 

a 3-month running mean after being linearly detrended and standardized. We specifically 
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calculated the average ENSO signals for Texas and Oklahoma from December to February, and 

for Kansas, Colorado, and Nebraska from August to October. These selected periods align with 

the planting dates of winter wheat7. Based on the same method, the state-level 𝑓𝑎𝑏/0	23ñ5 and 

𝑓𝑎𝑏=)	23ñ> were also calculated. We then calculated the difference of fab anomalies between La 

Niña and El Niño phases as, 

																		∆𝑓𝑎𝑏% =	𝑓𝑎𝑏	=)	23ñ>,6 −	𝑓𝑎𝑏/0	23ñ5,6																												[5] 

Positive (or negative) values of ∆𝑓𝑎𝑏 indicate that the La Niña phase exacerbates (or mitigates) 

crop abandonment relative to the El Niño phase. The statistical significance for changes in ∆𝑓𝑎𝑏% 

were determined through a bootstrapping sampling procedure (n = 10,000) at a 95% confidence 

level. The mean change for each bootstrap sample was calculated, and the change was considered 

statistically significant if, in a two-sided t test, over 97.5% of the sample means were consistently 

smaller or larger than zero.   

 

 2.3. Results and Discussion 

2.3.1 Attributions of losses in winter wheat production 

The observational data revealed that abandonment of winter wheat was the most severe 

during the 2022/2023 growing season in Kansas since the Dust Bowl era in 1930s, the exception 

being the year of 1951 (Figure 2.2a), with an abandonment of 29%, amounting to 951,011 hectares. 

This severity of abandonment mirrors that of the broader U.S. winter wheat belt, in which 

2022/2023 recorded the highest level of abandonment since the middle of the Dust Bowl period 

(Figure 2.2a). Such pronounced abandonment can be attributed to delayed emergence, adverse 

crop developmental conditions (Figure 2.1c,d), and diminished yield prospects. These unfavorable 

outcomes ultimately compelled farmers to leave their crops unharvested. Similarly, we also found 
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a large yield loss in Kansas (Figure 2.2a), with a decrease of 0.52 t ha-1 compared to the expected 

yield, equivalent to 22% of expected yield (see Methods).  

To quantify the impact of extreme climate during the 2022/2023 growing season on 

changes in abandonment and yields, we employed a RF regression model. This model captured 

pre-seasonal and in-season temperature and precipitation variations, as well as wheat price 

fluctuations (see Methods and Figure A.1). We then assessed the severity of wheat production 

Figure 2.2. Climate-driven changes in production attributed to crop abandonment and yields.  
a, Observed time series for both crop abandonment and yield anomalies for Kansas (KS) 
and the U.S. winter wheat belt (US) including Nebraska, Colorado, Kansas, Oklahoma, and 
Texas. b, State-level relative climate-driven production changes due to changes in 
abandonment and yields during the Dust Bowl decade (1931-1940), latest decade (2013-
2022), and year 2023. The relative production changes are expressed as production changes 
relative to average production during 1981-2010. The boxes delimit the 25th and 75th 
percentiles and the horizonal black lines represent the 50th percentile. c, County-level 
relative production changes due to changes in abandonment and yield in the year 2023. 
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losses in the 2022/2023 growing season by comparing them with those during both the decade of 

the U.S. Dust Bowl (1931-1940) and the most recent decade (2013-2022). All results were 

expressed as a percentage relative to the estimated average production driven by historical climate 

records (1981-2010). We found that climatic extremes during 2022/2023 resulted in a 37% loss in 

wheat production compared to average production during the period of 1981-2010. This loss was 

the greatest for any year throughout the most recent decade, as well as that of the Dust Bowl era, 

with the sole exception of 1935 (Figure A.2b). The 2023 production losses were not merely due to 

yield decline per se, contributing to a 21% wheat production loss, but also to crop abandonment 

(Figure 2.2b). The 16% production losses from crop abandonment in 2022/2023 is noteworthy 

because they are comparable to the losses caused by extreme drought during the Dust Bowl era. 

During that historical period, three-quarters of the average production loss of 14% was attributed 

to crop abandonment, while the remainder (one-quarter) was due to yield reductions per se (Figure 

2.2b). The role of crop abandonment in influencing crop production was also underscored in maize 

and soybean18. Generally, crop abandonment showed a nonlinear response to temperature and 

precipitation. However, crop abandonment in maize and soybean is more sensitive to 

temperature18, whereas wheat abandonment displays greater sensitivity to precipitation (Figure 

A.2). To provide perspective, during the decade of the Dust Bowl, production losses due to changes 

in abandonment were much larger than losses resulting from changes in yield. In contrast, during 

the most recent decade, production losses caused by changes in yield were larger than those caused 

by changes in abandonment (Figure 2.2b). Additionally, we showed the comparison of observed 

and estimated abandonment, which augmented the credibility of our findings (Figure A.3). To test 

the robustness of the findings, we also used two alternative models with different sets of predictors 

(Figures A.4a and A.5a). Finally, we showed the spatial distribution of climate-driven production 
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changes in 2023, attributable to changes in crop abandonment and per-harvested-acre yields 

(Figure 2.2c). The southwest regions of Kansas exhibited the substantial production loss attributed 

to crop abandonment, whereas the central regions experienced severe decline in production due to 

yield loss (Figure 2.2c), aligning with regions affected by severe spring drought (Figure 2.1a). 

Overall, both crop abandonment and yield loss contributed to an average production decline of 

50% across the central and western regions (Figure 2.2c). A recent study17 found that, on average, 

the projected future climate change by mid-century (2034-2065) does not significantly increase 

production loss through crop abandonment relative to historical averaged climate. Consequently, 

it was suggested that neglecting crop abandonment as a factor in future production levels would 

not substantially influence estimation of climate-driven production losses. However, the 

calibration period used in this study was relatively short and did not include most of the notable 

droughts of the past. Given the crucial role of crop production variability in maintaining food 

stability8 and the impact of crop abandonment on production loss (Figure 2.2b,c), we encourage 

consideration of crop abandonment when estimating impact of climate variability on crop 

production, especially during extreme drought years. This additional measure could aid policy 

makers in devising effective risk management strategies and adaptation interventions.  

 

2.3.2 Drivers for extreme abandonment and yield loss 

We subsequently disentangled the underlying deleterious climatic conditions that led to 

both extreme wheat abandonment and the extreme yield loss, defined as events above the 90th 

percentile and below the 10th percentile, respectively, across all years (1926 to 2023) for each of 

the 105 counties in Kansas. The 10th and 90th percentiles were also selected for determining 

climatic extremes, including low and high precipitation, as well as cold and warm temperature 
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events. When we embedded a game theory tool (Shapley additive explanations, SHAP)24 into the 

RF regression model (Methods and Supplementary Text A), our results illustrated that pre-seasonal 

fall precipitation (August-October) was the most important climate variable in relation to the 

extreme wheat abandonment globally, whereas spring precipitation (March-April) played a pivotal 

role in the extreme yield loss (Figure 2.3a,b). Specifically, abandonment rates exhibited a nonlinear 

response to fall precipitation, especially with deficits in fall precipitation correlating to higher 

abandonment rates (Figure 2.3c). Conversely, spring precipitation deficits were associated with 

the occurrence of extreme yield loss (Figure 2.3c). Finally, we estimated the primary climate 

extreme driving severe abandonment and yield loss (Figure A.6 and Supplementary Text A). We 

found that climatic extremes were the primary factors in 75% and 74% of the areas that suffered 

severe abandonment and yield loss across Kansas from 1926 to 2023, respectively (Figure 2.3e,f). 

Additionally, extremely low wheat prices (<10th percentile) accounted for 6.6% of the areas that 

experienced severe abandonment (Figure A.6). We also found that drought in March-April was 

the primary factor in 19% of the areas of extreme yield losses (Figure 2.3f). In contrast, 

abandonment was predominantly triggered by fall drought events, which contributed 24% to the 

severe abandonment area (Figure 2.3e). Moreover, the excessive precipitation in May was 

associated with both extreme abandonment and yield loss, which is consistent with another study 

estimating climate-driven crop failure in the U.S.10. These results were consistent with those based 

on two alternative models (Figures A.4b,c, and A.5b,c). Indeed, the role of spring and early 

summer drought, which is critical for grain filling and yield formulation, has been extensively 

studied3,36. We also found that droughts in the fall and winter largely contributed to extreme yield 

losses (Figure 2.3f), consistent with another study37. To our knowledge, however, the significance 

of fall drought as a catalyst for crop abandonment and subsequent production losses has not 
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previously been highlighted. The impact of fall drought on wheat abandonment can be attributed 

to the fact that winter wheat is usually sown in autumn, relying on sufficient soil moisture during 

this period to establish seedlings with robust root systems that promote healthy growth. Our study 

substantiates the relationship between fall precipitation, and both observed abandonment rates 

(Figure A.7) and crop growing conditions at the end of the fall season (Figure A.8). 

Figure 2.3. Climate drivers of extreme abandonment and extreme yield losses. a, 
Importance (Shapley additive explanations (SHAP) values) of climate variables during 
county-years of extreme abandonment ordered from greatest to least important. b, Same as 
a but during county-years of extreme yield losses. c, Influence of the precipitation (Prcp) 
during August-October (the most important variable on extreme abandonment). Circles are 
sample points for county-years of extreme abandonment. Black solid line is fitted line, and 
shaded area around the solid line indicates 95% confidence interval. d, Same as c but for 
influence of the precipitation during March-April (the most important variable on extreme 
yield losses). e, The width (or numbers) of the chords indicates the fractions (%) of area 
that suffered extreme abandonment (total 75%) driven by primary climatic extremes (low 
and high precipitation, and cold and warm temperatures) across Kansas from 1926 to 2023. 
Black dashed lines highlight the most primary climatic drivers. f, Same as e but for fraction 
of area that suffered extreme yield losses (total 74%). 
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2.3.3 ENSO teleconnections on winter wheat abandonment 

Droughts in the U.S. winter wheat belt have been confirmed to be influenced by the 

ENSO25,38,39. During La Niña, which is characterized by cooler-than-normal sea surface 

temperatures in the eastern tropical Pacific, the U.S. winter wheat belt tends to experience fall 

droughts (Figure A.9), as was observed in the 1930s26, potentially leading to crop abandonment. 

To explore the direct role of ENSO in explaining variations in crop abandonment, we calculated 

average anomalies of crop abandonment during both El Niño and La Niña phases (see 

Methods)40,41. The statistical significance of the changes was determined by bootstrapping (n = 

10,000) at a 95% confidence level. We found that crop abandonment was reduced during the El 

Figure 2.4. Impacts of ENSO phases on crop abandonment anomalies. a, Distributions of 
state-level crop abandonment (fab) anomalies during El Niño (red) and La Niña (blue) phases 
in Nebraska (NE), Colorado (CO), Kansas (KS), Oklahoma (OK), and Texas (TX). Negative 
and positive values indicate ENSO phases decreased and increased crop abandonment, 
respectively. b, Changes in fab during the transition from El Niño to La Niña phase. Black 
solid circles indicate averages, and error bars represent 2.5th and 97.5th percentiles. c, 
County-level changes in crop abandonment between La Niña and El Niño phases. Black dots 
indicate statistically significant at a 95% confidence level. Note that the state-level impact of 
ENSO phase on crop abandonment was estimated by using state-level data. 
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Niño phase across five winter wheat production states, with a significant decrease of 3% on 

average, ranging from 0.6% to 5.2% (Figure 2.4a). This is expected because El Niño causes the jet 

stream to shift southward and extend eastward over southern U.S. Conversely, during the La Niña 

phase, crop abandonment showed a notable increase of 5%, with ranges between 2.7% and 8.6% 

across states (Figure 2.4a). Except for Nebraska, all states exhibited a notable increase in crop 

abandonment during the transition from El Niño to La Niña phase, with variations observed among 

states (Figure 2.4b). In Kansas, the transition from El Niño to La Niña phase intensified crop 

abandonment by 9%, equivalent to the U.S.-level (Figure 2.4b). We further explored the impacts 

of ENSO on crop abandonment at a county level across the U.S. winter wheat belt and found that 

the La Niña phase significantly increased abandonment rates compared to the El Niño phase. The 

main regions affected by abandonment were in western Kansas, the panhandle areas of Oklahoma, 

and western Texas (Figure 2.4c), which mirrored the footprint of Dust Bowl-affected regions in 

the 1930s7,23. 

Several studies have suggested the urgent need for a twofold increase in global crop 

production by 2050 in response to the growing population42. Whether or not we are on track to 

double production by 2050 depends upon sustainable and improved harvestable crop yields43,44. 

Future production variability in projected climatic scenarios will be influenced by the often-

overlooked changes in crop abandonment (Figure 2.2), an especially noteworthy risk given the 

threats of climatic extremes45,46.  

 

 2.4. Conclusion 

In summary, our analyses revealed climatic drivers underlying crop abandonment and the 

influence of ENSO dynamics on winter wheat production. La Niña events increased the probability 
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of drought events before planting (pre-season) of winter wheat in the U.S. Great Plains. The 

extremely dry climate in 2022-2023 that followed nearly three consecutive years of La Niña events 

provided an opportunity to determine the underlying drivers of climatic extremes that negatively 

impact wheat production. Our study emphasized both the overlooked role of crop abandonment on 

wheat production in the U.S. winter wheat belt and the underlying climate extremes that drive the 

two components of production loss—abandonment and yield loss. Recognizing that pre-season 

droughts primarily drive crop abandonment, farmers could adapt their strategies, such as adjusting 

planting schedules, selecting drought-resistant cultivars, or investing in water management 

strategies tailored for the pre-season. These measures can mitigate the effects of these droughts 

and stabilize crop production. It is also important for policy makers to design and promote 

initiatives encouraging drought mitigation practices for stable food production. 
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Chapter 3 - Breeding in U.S. winter wheat: a four-decade 
decline in climate resilience 

 

 3.1. Introduction 

Global wheat production faces mounting challenges from increasing demand by population 

growth and the threat of climate extremes1-4. Drought and heat extremes are estimated to cause 

wheat production losses of approximately 10%5,6, with even greater declines observed during 

compound hot-dry (HD) events, where both conditions occur simultaneously7-9. Such compound 

events could cause global crop yield losses of up to 30%7, highlighting the urgent need for breeding 

strategies that enhance climate resilience.  

Climate resilience, as defined by the Intergovernmental Panel on Climate Change (IPCC) 

Special Report on Climate Extremes (SREX, 2012), refers to a system’s capacity to anticipate, 

absorb, accommodate, or recover from climatic shocks while preserving core function10. In a 

breeding context, resilience denotes the ability of cultivars to maintain stable and consistent yield 

improvements under different stress levels11-13 (Figure B.1a). Achieving this requires that cultivar 

advancements improve tolerance to climatic extremes14 such as HD events, thus buffering against 

climate-related shocks and minimizing yield loss15,16 (Figure B.1b). Retrospective analysis of 

cultivar performance across historical trials is therefore essential for understanding how past 

breeding efforts have shaped climate resilience and guiding future strategies12.  

Recent studies have explored breeding-driven changes in climate resilience using different 

approaches. These include analyzing crossover patterns of genotype-environment interactions 

across global wheat trials17, tracking temporal evolution of response diversity in European wheat 

cultivars18, and assessing heat sensitivity in U.S.6,19 and South African20 wheat (Figure B.2). While 

these efforts have yielded valuable insights, their conclusions remain inconsistent. For example, 
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Kahiluoto et al. (2019)18 argued that declining response diversity in European wheat cultivars has 

weakened climate resilience, whereas others21 have argued that reduced diversity does not 

necessarily imply diminished resilience. Similarly, in the U.S. hard winter wheat (HWW) region, 

some studies reported that newer cultivars are more sensitive to extreme heat than older cultivars6, 

while others reported the opposite19.  

These discrepancies partly stem from the limitations of data availability and quality. Most 

prior studies lacked long-term, cultivar-specific yield datasets across diverse environmental 

conditions, a critical requirement for detecting genotype-environment interactions and quantifying 

cultivar-specific tolerance to climatic extremes22. Due to these constraints, some studies have 

primarily relied on clustering cultivars by release years to infer changes in resilience6,19. However, 

this may confound resilience estimates when multiple cultivars were released in the same year. 

Furthermore, prior studies have focused mainly on single climatic extreme events such as heat, 

with few explicitly examining cultivar-specific responses to compound HD events. This 

underscores a critical gap, as HD events trigger unique and synergistic physiological responses 

that cannot be inferred from individual stressors alone23,24. Such compound events have also been 

shown to cause more severe wheat yield losses than heat or drought alone7,9. Consequently, 

whether historical breeding has improved resilience to HD events remains a largely underexplored 

question. 

Rainfed cultivar performance trials conducted by land-grant universities across the U.S. 

HWW belt (Figure 3.1a) provides an opportunity to fill these knowledge gaps. As the world’s 

largest contiguous low-rainfall wheat-producing region, the HWW belt has experienced 

substantial climatic variability in recent decades. Despite overall yield gains, the region faces rising 

climate risks. Notably, yield instability, measured as the coefficient of variation, has increased by 
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2% per decade (Figure 3.1b), signaling heightened vulnerability. Without targeted improvements 

in tolerance to compound extremes, such as those exemplified by the 1930s Dust Bowl, continued 

climate variability could undermine regional production and ripple through global food supply. 

Here, we compiled a comprehensive dataset of rainfed field trials across six U.S. HWW 

states (Table B.1), encompassing 150 cultivars released between 1981 and 2018. The dataset 

Figure 3.1. Yield and yield instability of winter wheat cultivars released from 1981 to 
2018 in the U.S. winter wheat belt. a, Winter wheat cultivar trial sites, numbers of 
observations, and harvested area (Kha). The circles represent 119 trial locations, with the 
size of the circles indicating the number of year-cultivar observations. The background 
colors show county-level averaged harvested area over 1982-2020 across the U.S. 
obtained from the U.S. Department of Agriculture, National Agricultural Statistics 
Service (USDA-NASS). b, Mean wheat yield (green) and its coefficient of variation (CV, 
purple) across the cultivar release years. Higher CV suggests more instable yield. The 
error bars in observed yields show mean ± one standard deviation among all cultivars 
released in the same year (the average number of observations for each release year is 
725). Both solid lines are linear regression trends based on the Mann-Kendall test. 
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includes 25,359 yield observations, with each cultivar tested in 169 site-years on average. These 

cultivars were widely adopted by local farmers, reflecting real-world breeding progress. This study 

aims to: (1) Determine whether historical breeding programs have improved climate resilience 

across varying environmental stress levels. The stress levels are quantified by the environmental 

index (EI), calculated as the average yield of all cultivars for a given site-year25; (2) Assess 

temporal patterns in cultivar-specific responses to HD events; and (3) Quantify cultivar-specific 

HD tolerance and yield performance, which provide actionable insights to guide future breeding 

strategies. 

To focus our analysis on critical periods of wheat development, we divided the HWW life 

cycle into three phenological periods for each site-year: planting to jointing (p1), jointing to 

heading (p2), and heading to maturity (p3) (Supplementary Text B.1 and Figure B.3). Given that 

HD events routinely occur during the grain filling period (p3) of wheat and detrimentally impact 

yield9,23 by causing nitrogen loss, shortening the grain-filling duration, and reducing grain 

weight9,26, we focus on the impacts of HD during this period (see Methods). Emerging evidence 

highlights atmospheric dryness, characterized by rapid increases in atmospheric water demand, 

can severely affect plants8,27 even when the soil water supply is adequate28. In particular, low 

relative humidity has been identified as a key factor in evaluating the impacts of atmospheric 

dryness8,29. Accordingly, we defined HD events based on daily maximum temperature (Tx) and 

minimum relative humidity (RHn). 

 

 3.2. Material and Methods 

3.2.1 Crop data  

Raw winter wheat data including observed dryland cultivar yields (average of three to four 
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replications), and phenology (planting and harvest dates) were collected and digitized from printed 

or online publicized State Winter Wheat Performance Test Reports from 1982 to 2020 across 

South Dakota, Nebraska, Colorado, Kansas, Oklahoma, and Texas, which collectively account for 

approximately 50% of the U.S. wheat harvested area30 (Figure 3.1a). The observed phenology was 

used to segment the life cycle of winter wheat into three key phenological periods: planting to 

jointing (p1), including crop establishment, tillering, and winter survival, predominately occurs in 

late fall, winter, and early spring; jointing to heading (p2), including spike formation and 

development, stem elongation, and leaf development, occurs during mid-spring; heading to 

maturity (p3), determining actual grain number and weight31 in later spring and early summer 

(Supplementary Text B.1 and Figure B.3). In addition, the commercial release years for each 

cultivar was taken from “The Wheat Farmer” (Table B.1), a professional publication for farmers 

and agriculture businesses in the U.S. hard winter wheat belt. Our analysis focused on 150 hard 

winter wheat cultivars released from 1981 to 2018, each with at least 50 site-year observations 

across 119 trial locations that conducted field trials for at least five years (a total of 25,359 

observations), ensuring the reliability of our analysis. Crop data sources are shown in Table B.1. 

 

3.2.2 Climate data 

Daily maximum temperature (Tx, ℃), minimum temperature (Tn, ℃), minimum relative 

humidity (RHn, %), and precipitation (Prcp, mm) from 1982-2020 were retrieved at a 4-km spatial 

resolution from the gridded meteorological (gridMET) dataset32 (Table B.1). The gridMET dataset 

integrates two distinct datasets [temporally rich data from the North American Land Data 

Assimilation System Phase 2 (NLDAS-2) and spatially rich data from the Parameter-elevation 

Regressions on Independent Slopes Model (PRISM)]. It has been validated using an extensive 
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network of weather stations across the U.S.32.  

 

3.2.3 Yield gains through cultivar advancements across varying levels of environmental 

stress 

To ensure a robust and valid assessment of how breeding-driven yield gains vary across 

different environmental stress levels, we identified 58 cultivar subsets (or groups) that met 

stringent temporal and spatial coverage criteria, based on a structured six-step selection procedure 

(Supplementary Text B.3; Figures B.4 and B.10a). Each group includes cultivars released over at 

least 10 distinct years and tested across at least 10 environments (site-years), ensuring consistent 

cultivar evaluations across a broad range of environmental conditions. For example, one 

representative group (Figure B.5a) included 16 cultivars released between 1988 and 2010 across 

30 environments. Together, these 58 groups comprise 118 distinct cultivars released between 1984 

and 2018, representing 79% of all cultivars in our dataset.  

Next, we estimated the breeding-driven yield trends across different stress levels, based on 

all 58 group datasets. Taking one group (Figure B.5a) as an example, we calculated an 

environmental index (EI) for each site-year, defined as the average yield of all cultivars in that 

site-year25 (blue dots in Figure B.5b). The EI provided a localized indicator of growing conditions 

that reflects the integrated effects of weather, soil conditions, and management practices. We then 

estimated the breeding-driven yield trends (or gains) (?.3+0@
?A.

; red dots in Figure B.5b) for each site-

year by a simple linear regression of cultivar yields against their release years (RY). Lastly, we 

examined the relationship between the breeding-driven yield trends and EI across all 

environments, i.e., yield trends at the Y-axis and EI at the X-axis shown in Figure B.5c. We 

repeated this analysis for all 58 groups. To determine the overall response of cultivar advancement 
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to varying environmental conditions across all groups, we used a linear mixed-effects model with 

breeding-driven yield trends as the response variable, EI as a predictor, and cultivar group as a 

random effect to account for group-level variation. 

To further assess cultivar progress-driven yield changes, we selected a long-term wheat 

cultivar ‘Arapahoe,’ released in 1988 with the longest trial period among all cultivars studied, as 

a reference cultivar. This reference cultivar was widely planted in 438 site-years (Figure B.10b). 

To ensure reliable comparisons of cultivar performance across diverse environments, we 

conducted the following three-step analysis (Supplementary Text B.4). (1) Environmental 

classification: Each site-year was classified as a low-, moderate-, or high-yielding environment by 

comparing Arapahoe’s yield in that site-year against its 25th and 75th percentile yields across all 

438 site-years (Figure B.6a). (2) Yield adjustment: To reduce confounding effects from 

environmental variability, we normalized cultivar yields relative to Arapahoe’s yield. Specifically, 

for each site-year, the yield of a given cultivar was adjusted by adding the deviation between 

Arapahoe’s average yield under the corresponding environmental types (i.e., low- or high-

yielding) and Arapahoe’s observed yield in that site-year (Figure B.6b-f). This adjustment 

standardized yield comparisons across site-years, enabling clearer isolation of breeding-driven 

yield effects. (3) Yield trend estimation for low- and high-yielding environments: To ensure fair 

comparisons, we retained only cultivars that were observed in both environmental types within the 

same release year (Figure B.6g,h). Breeding-driven yield trends across release years were then 

estimated separately for low- and high-yielding environments (Figure B.6i).  Although older and 

advanced cultivars were compared within the same environmental type, a more rigorous approach 

would involve testing all cultivars together in the same site-years across a broad range of 

environments to most accurately estimate breeding-driven yield trends under low- and high-
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yielding environments. 

 

3.2.4 Compound hot-dry extreme events 

During p1 and p2 periods in winter wheat, the 85th percentile of daily maximum 

temperatures from 1982 to 2020 at each site remained below 32oC (Figure B.11), a threshold 

typically associated with heat stress33, making hot-dry events rare9. Hot-dry events during the p3 

period, however, have increased9,34,35 due to climate change and tend to cause significant yield 

reductions9,26,34. Therefore, our analysis focuses on the compound hot-dry extremes (HD) during 

p3 period associated with wheat yields. A HD event was defined as a day (d) when Tx exceeded 

32oC9,33 and RHn fell below 30% simultaneously9,36 (Figure B.7). We then calculated the 

frequency of HD events during this period for each site-year as,  

𝐻𝐷	(%) =
∑ 𝐻𝐷@2
@:B

𝑁 × 100										𝐻𝐷@ = O1,			𝑖𝑓	𝑇𝑥@ ≥ 32	5C	𝑎𝑛𝑑	𝑅𝐻𝑛@ ≤ 30%
0,			𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒																																												 	(1) 

where N is the total number of days during the p3 period. 

 

3.2.5 Regression Model 

A linear mixed-effects model37 was used to isolate the effects of time-invariant factors and 

the main climate effects. While we do not directly account for these time-invariant factors such as 

soil quality, we control them using site random effects. We also included cultivar and trial year 

random effects. The cultivar effect directly controls genetic gains over time from breeding efforts, 

and the trial year effects account for the changes in technology and management practices. The 

model is specified as: 

𝑌%,0,< =	𝛼% + 𝛼0 + 𝛼< + 𝑓&𝑊%,0,<; 𝛽/ + 𝛿𝐻𝐷%,0,< + 𝜀%,0,<																																																													(2) 
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𝑓&𝑊%,0,<; 𝛽/ = a𝛽B,C𝐺𝐷𝐷%,0,<,C +
9

C:B

a𝛽7,C𝐹𝐷𝐷%,0,<,C +
7

C:B

a𝛽9,C𝐸𝐷𝐷%,0,<,C +
9

C:7

a𝛽D,C𝑃𝑟𝑐𝑝%,0,<,C

9

𝑝=1

+a𝛽E,C𝑃𝑟𝑐𝑝%,0,<,C7
9

C:B

																																																																																													(3) 

where Yc,l,t is yield for cultivar “c” at location “l” in trial year “t”. The first three terms (αc, αl, αt) 

are controls, including cultivars, locations, and trial years. The f(Wc,l,t;β) represents the effects of 

specific climate covariates (W with the corresponding coefficient β), including growing degree 

days (GDD, oC days), freezing degree days (FDD, oC days), extreme degree days (EDD, oC days), 

and a linear and quadratic term for total precipitation (Prcp, mm) during specific phenological 

periods (Supplementary Text B.2), which together capture the nonlinear yield responses to 

temperature and precipitation. Note, for reducing overall degrees of freedom, the FDDp3 and 

EDDp1 were not included in our model due to their uncommon occurrence in actual climate 

conditions9. To ensure independent estimation of HD and EDD effects during the p3 period, we 

used an adjusted EDDp3 by excluding days that overlapped with HD events. The 𝛿 represents the 

average sensitivity of wheat yields to 1% of HD exposure. It is likely that the error term εc,l,t is 

heteroskedastic and autocorrelated. Therefore, we cluster standard errors (SEs)38 by cultivar-year, 

allowing us to consider the effects of heteroskedastic and autocorrelation in estimating 

coefficients. The adjusted SEs enabled the production of more conservative adjusted p-values 

(Table B.3). 

A model that logarithmically transformed yields was also tested, and all the results were 

similar to those using raw yields. Our preferred specification used original yields because the 

model presented more explanatory power and more normally distributed residuals. Next, a 

variance inflation factor (VIF)39 was conducted to evaluate the risk of multicollinearity. The VIF 
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values for all temperature indices are less than 2, indicating our model does not have a serious 

multicollinearity problem.  

 

3.2.6 Changes in sensitivity to HD throughout cultivar progression 

We employed three methods to assess the change in HD sensitivity during cultivar 

progress. 1) Partitioning by HD frequency bins: To account for spatial and temporal differences 

(i.e., soil and management), we divided yield observations within each state and decade into four 

frequency bins based on HD occurrence: 0th-25th, 25th-50th, 50th-75th, and 75th-100th percentiles. 

Yield observations within the same bin were pooled, and yield trends over cultivar release years 

were then estimated separately for each bin (Figure 3.3a). 2) Iterative cultivar group analysis: We 

created 435 cultivar observation groups through iterating one-year increments on a basis of ten 

release years from the oldest cultivar group (1981-1990) to the newest one (2009-2018) (i.e., 1981-

1990, 1981-1991, 1981-1992, …, 2009-2018 which are shown in Figure 3.3b). Then, we applied 

the model (Eq. 2) separately to each cultivar group to assess HD sensitivity. Note that the specific 

subsets of the dataset used for different analyses are shown in Table B.6. 3) Multilevel modeling 

of HD sensitivity: To estimate the sensitivity of each cultivar to HD (δc), we extended the model 

(Eq. 2) using a multilevel model40 that included the interactions between HD and dummy variables 

for the cultivars. This allowed us to demonstrate the trajectory of HD sensitivity over the cultivar 

advancements (Figure 3.3c).  

 

3.2.7 Variability of cultivar performances 

To assess the performance of individual cultivars by simultaneously accounting for their 

response to HD stress and yield potential under historical climatic conditions, we conducted three 
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steps. 1) We first applied a bootstrap approach with 500 simulations to the cultivar × HD 

interaction model. We randomly sampled data 500 times, ensuring that the same data length was 

extracted for each cultivar in every sampling. This process generated 500 distinct datasets (each 

containing 25,359 data points), which were used to repeatedly run the model producing 500 

independent model structures. 2) We then estimated the mean yield of each cultivar, representing 

its yield potential, based on each bootstrapped model structure. To enable meaningful comparisons 

of yield across cultivars experiencing different environmental conditions, we simulated the mean 

yield (𝜇̂%) for each cultivar based on the average sampled climate conditions (𝑊e  and 𝐻𝐷ffff) as, 

𝜇̂% = 𝛼% + 𝛼0e + 𝛼<fff + 𝑓(𝑊e ; 𝛽) + 𝛿%𝐻𝐷ffff                                                                          (4) 

The αc is cultivar-specific fixed effects; 𝛼0e  and 𝛼<fff are average site and year effects, respectively. 

In total, the analysis resulted in 75,000 data points (150 cultivars × 500 simulation). 3) We 

categorized all cultivar performances into four groups based on the average values of HD 

sensitivity and simulated yield. These four groups are ‘high yield potential and HD-tolerant,’ ‘low 

yield potential and HD-tolerant,’ ‘high yield potential and HD-sensitive,’ and ‘low yield potential 

and HD-sensitive.’ 

 

3.2.8 Robustness checks 

To verify our findings, we conducted a series of additional analyses. Specifically, we 

recalculated HD events using an alternative definition based on site-level relative percentile 

thresholds. A HD event was defined as a day during the p3 period when Tx exceeded the 85th 

percentile of the local Tx distribution and RHn simultaneously fell below the 15th percentile of the 

local RHn distribution. Using this definition, we re-estimated the model (Eq. 2), and the results 

consistently showed that HD events led to significant wheat yield reductions (Figure B.12a).  
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To validate the decline in HD resilience with cultivar advancements, we tested seven 

alternative modeling structures: (1) We re-estimated the cultivar × HD interaction model using the 

alternative HD definitions mentioned above (Figure B.12b). (2-5) Based on the preferred model, 

we tested two extended models with additional interaction terms: the first model allowed the 

effects of both EDDp3 and HD to vary across cultivars, and the second one allowed the effects of 

all climate indices (GDD, FDD, EDD, Prcp, and HD) to vary across cultivars. We also tested two 

temperature-quadratic models that replaced all temperature indices (GDD, FDD, and EDD) with 

linear and quadratic terms of average temperature during three phenological periods to estimate 

the changes in HD sensitivity when allowing either HD effects alone or all climate effects to vary 

across cultivars (Figure B.13 and Table B.5). (6) We re-ran the preferred model but used relative 

yield as the response variable. Relative yield (𝑅𝑌%,+ ; %) for cultivar c in environment e was 

calculated as (.$,&#.
G$)

.G$
× 100, where Yc,e is the observed yield, and 𝑌g% is the average yield of cultivar 

c across all environments (or site-years) (Figure B.14). (7) While our model included a site random 

effect to account for soil-related influences on yield, we also tested whether explicitly 

incorporating site-level soil properties would affect our results by adding either soil texture or 

available water capacity (AWC) as a covariate to the preferred model (Figure B.15). Across all 

alternative models, we consistently found a robust pattern of declining HD resilience over breeding 

progress. 

 

 3.3. Results 

3.3.1 Change in climate resilience over wheat breeding 

To evaluate whether breeding has improved climate resilience, we analyzed yield trends 

with cultivar advancements under varying environmental stress levels. The stress level was 
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quantified using the EI, where higher values represent more favorable environments for wheat 

development and yield. A key requirement for this analysis is the simultaneous testing of cultivars 

from different release years across a range of environmental conditions. To meet this criterion, we 

constructed 58 cultivar groups (Figure B.4; Methods), each comprising cultivars released across 

Figure 3.2. Wheat cultivar response to environmental stress. a, Breeding-driven yield 
trends against the environmental index (EI; t ha-1) for 58 groups (gray lines). The purple 
line represents the overall relationship between yield trends and EI across all groups, 
with shaded bands indicating the 95% confidence interval. b, Changes in adjusted yield 
based on the reference cultivar ‘Arapahoe’ over the cultivar release years under both 
high- (blue) and low-yielding (red) environments. The size of the circle shows the 
number of cultivars. Solid lines and shaded areas are yield trends and the 95% confidence 
intervals, respectively. The gray shaded region marks the reference cultivar ‘Arapahoe.’ 
The p-value in black font denotes the statistical significance of the difference in yield 
trends between low- and high-yielding environments, based on analysis of covariance. 
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at least 10 distinct years and consistently tested in at least 10 site-years (i.e., Figure B.5). Across 

all groups, our analysis revealed a significant positive relationship between breeding-driven yield 

trends and EI (p-value < 0.001; purple line in Figure 3.2a; Methods), indicating that yield gains 

from breeding have been substantially greater in favorable environments than in stressed 

environments. For example, average yield gains were minimal (0.10 t ha-1 dec-1) in stressed 

environments (i.e., EI < 2 t ha-1) but reached up to 0.50 t ha-1 dec-1 in favorable conditions (i.e., EI 

> 6 t ha-1) (Figure 3.2a). This pattern suggests that current breeding programs are less effective at 

enhancing yield gains under adverse environments, indicating a decline in climate resilience 

(Figure B.1a).  

To verify this finding, we used ‘Arapahoe,’ a HWW cultivar released in 1988 and 

consistently planted until 2012, the longest-running cultivar in our dataset, as a reference cultivar. 

Using its yield performance as a benchmark, we classified 438 site-years where ‘Arapahoe’ was 

grown into two environmental types (low- and high-yielding) (Supplementary Text B.4; Methods). 

To enable more reliable comparisons of cultivar yields across different site-years within each 

environmental type, we adjusted yields to a normalized condition based on the reference cultivar 

yield (Supplementary Text B.4; Methods). Analysis on the yield trends with cultivar advancement 

(Figure B.6; Methods) revealed that, while the new cultivars have improved yields, the rate of 

yield improvement in a high-yielding environment (0.31 t ha-1 dec-1) was nearly twice that found 

in a low-yielding environment (0.17 t ha-1 dec-1) (Figure 3.2b), and this difference in their rates 

was statistically significant (p-value = 0.005; Figure 3.2b). These consistent patterns (Figure 3.2) 

imply that newer cultivars may be more sensitive to climatic extremes such as compound HD 

events, incurring greater yield losses under poor growing conditions (Figure B.1b). 

 

3.3.2 Breeding-driven change in HD resilience 
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Compound HD events, days with simultaneously high temperature and atmospheric dry 

conditions, have been identified as a major threat to wheat yield in the U.S. HWW belt9, potentially 

contributing to low-yielding environments. Therefore, we evaluated whether the diminished 

climate resilience (Figure 3.2) was specifically driven by reduced resilience to HD events. 

We first confirmed the impact of HD events on wheat yield. Using site-specific historical 

climate data, we defined an HD event during the critical p3 period as a day when daily Tx exceeded 

32oC9,33 and RHn fell below 30% simultaneously9,36 (Figure B.7; Methods). To account for 

variation in the duration of the p3 period across sites and years, we calculated the frequency (%) 

of HD events during this period (Eq. 1). We then used a linear mixed-effects model to quantify the 

effect of HD events on wheat yield while accounting for multiple climate variables, including 

growing degree days, freezing degree days, extreme degree days, and precipitation (Eqs. 2 and 3; 

Supplementary Text B.2). A likelihood ratio test confirmed the significance of HD events as a 

predictor (p-value < 0.001; Table B.2). Specifically, a 1% increase in HD event was associated 

with a yield loss of 0.01 t ha⁻1 (p-value < 0.001; Table B.3). Given an average HD occurrence of 

14% across the U.S. HWW belt, this translates to a yield loss of 0.14 t ha-1, equivalent to 6% of 

the regional mean yield (2.4 t ha⁻1). 

We next evaluated breeding-driven change in HD resilience using three approaches. First, 

we analyzed yield trends across the cultivar release years under varying HD stress levels. Although 

yield improved significantly from 1981 to 2018 across all HD stress levels (p-value < 0.05), the 

rate of improvement declined under higher HD stress levels (Figure 3.3a), echoing findings under 

varying environmental stresses (Figure 3.2). Under the highest HD stress level (>75th percentile 

bin), the yield trend was 79% lower than that under the lowest HD stress level (0-25th percentile 



41 

bin) (Figure 3.3a).  

Second, we applied our model (Eq. 2) to each of the 435 observation groups, which 

consisted of cultivars released within specific time windows, with a focus on evaluating the yield 

impact per 1% of HD events (Methods). Across all groups, the sensitivities to HD events were 

consistently negative, with a pronounced decline in more recently released cultivars (Figure 3.3b). 

Figure 3.3. Sensitivity of winter wheat cultivar advancement to hot-dry events (HD). a, 
Yield trends across cultivar release years (horizontal bars) are presented across four HD 
percentile bins, with error bars representing the mean ± one standard error (SE). b, Average 
estimated HD sensitivity (t ha-1 per % HD) of cultivars released over different time periods, 
with black dots indicating statistical significance at the 95% confidence level. c, Estimated 
HD sensitivity across all cultivars, where each open circle represents a newly released 
cultivar in the U.S. hard winter wheat belt. Error bars show mean ± one clustered SE. The 
solid red line represents the linear regression trend over cultivar release years. 
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In particular, cultivars released during 2009-2018 exhibited the strongest sensitivity (-0.023 t ha-1 

per 1% of HD events; Figure 3.3b). This pattern highlights an increasing vulnerability of newer 

cultivars to HD stress.   

Third, to evaluate the cultivar-specific response to HD events, we incorporated genotype × 

environment interactions into our model using a varying-slope multilevel framework40, allowing 

the effects of HD to vary across cultivars (Methods). 88% of the cultivars exhibited significant 

negative sensitivity to HD (Figure 3.3c). Furthermore, an increasingly negative sensitivity trend to 

HD was observed over breeding advancements, with an average decline of -0.004 t ha-1 per % HD 

per decade over 1981-2018 (Figure 3.3c). To explore possible sub-region disparities in breeding 

progress, we analyzed trends of HD sensitivity for each cultivar-source state where the wheat 

cultivars were developed (Table B.4). Our analysis showed the declining trends in HD tolerance 

across all states, especially in the Southern Great Plains States including Kansas (-0.005 t ha-1 per 

% HD per decade), Oklahoma (-0.007 t ha-1 per % HD per decade), and Texas (-0.004 t ha-1 per % 

HD per decade) (Figure B.8). These consistent patterns indicate that modern cultivars have become 

more sensitive to HD events. That is, newer cultivars experience larger yield losses per unit 

increase in HD events, reflecting breeding-driven decline in HD resilience (Figure B.1b). 

 

3.3.3 Decadal and cultivar-specific variability in yield potential and HD tolerance 

From the performance of 150 wheat cultivars (Methods), we found a trade-off between 

yield potential and HD tolerance over four decades, as illustrated by the negative trend in HD 

sensitivity with positive gains in yield potential (red line in Figure 3.4). This trade-off underscores 

the challenge of balancing crop yield with resilience to climatic extremes11.  

Distinct decadal patterns in the distribution of yield potential and HD sensitivity were 
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evident (Figure 3.4). Old cultivars (1981-1990) tended toward the lower end of yield potential and 

higher HD tolerance. Specifically, 84% of cultivars exhibited low yield potential but high HD 

tolerance, while only 3% combined high yield potential with high HD tolerance (Figure 3.4). A 

shift occurred during 1991-2000, where 48% of cultivars still maintained low yield potential with 

Figure 3.4. Decadal performance of winter wheat cultivars during release years from 1981 to 
2018 based on sensitivity to hot-dry events (HD) versus the simulated mean yields. These 
estimations were conducted by bootstrapping the model 500 times. The simulated mean yields 
were derived from regressions under average climate conditions. The colorbar indicates the 
number of data points (totaling 150 cultivars × 500 bootstrap samples). The decadal 95% 
confidence ellipses (from light gray to black) (e.g., 1981-1990) of estimations illustrate their 
temporal tendency of high (low) yield potential and hot-dry-tolerant (-sensitive) cultivars by 
their release years. The solid red line represents an overall linear trend. The vertical dashed 
gray line indicates the average of all simulated yields while the horizontal  dashed gray line 
shows the average of HD sensitivity. A set of histograms on the top and right are decadal 
distributions of mean yields and HD sensitivity, respectively, for each decadal cultivar. 
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high HD tolerance, but 37% were categorized as low yield potential with high HD sensitivity 

(Figure 3.4). This result reflects a possible prioritization of other breeding objectives, such as 

disease and pest resistance41. Interestingly, cultivars released during 2001-2010 were more evenly 

distributed across four performance categories of yield potential and HD tolerance, indicating a 

diversification of genetic traits (Figure 3.4). However, recent cultivars (2011-2018) exhibited a 

starkly different pattern: their yield potential centered higher, while the HD sensitivity distributions 

Figure 3.5. Probability of classifications among four combinations of yield potential (high 
and low) and hot-dry adaptation (-tolerant and -sensitive) for 150 cultivars released from 
1981 to 2018. The width of each chord linking a cultivar and a classification represents the 
proportion of 500 bootstrap simulations indicating that the cultivar belongs to a specific 
classification. The decadal release years of cultivars are displayed clockwise on the top. 
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became more negatively centered (Figure 3.4), reflecting increased susceptibility to HD events. 

Specifically, two-thirds of the cultivars were categorized as high yield potential and high HD 

sensitivity, and only 18% maintained both high yield potential and high HD tolerance. These 

findings underscore a critical cost associated with breeding progress: while breeders have 

optimized the yield potential, the associated loss of HD tolerance poses risks in stress-prone 

environments.  

Analyzing cultivar-specific performance probabilities, we identified certain cultivars more 

likely to exhibit tolerance to HD events, such as ‘Jagger,’ an elite HWW cultivar in the U.S. (Figure 

3.5 and Table B.4). The cultivar-specific differences are crucial for helping breeders in developing 

wheat cultivars with enhanced tolerance to HD events. For example, examining traits in cultivars 

like ‘Jagger’ can not only explore disease-resistance genes, but also identify novel candidate genes 

associated with HD tolerance. Additionally, a few HWW cultivars, such as ‘Overland,’ showed a 

higher probability of a combined high yield potential with high HD tolerance (Figure 3.5 and Table 

B.4). These findings highlight the opportunity to reorient breeding strategies toward balancing 

yield improvements with resilience to intensifying climatic extremes. 

 

 3.4. Discussion and Conclusion 

The evaluation of breeding-driven HD resilience may be subject to several limitations. 

First, our analysis did not directly account for the influence of management practices such as 

fertilizer application and disease and pest control on wheat yield due to data limitations. The data 

reports we used, however, are designed as “best management practices,” aiming to minimize yield-

reducing factors like nutrient deficiencies, and biotic stress. Additionally, our model incorporates 

year and site effects to account for unobserved factors, a common approach to control for spatial 
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and temporal variation9,42. Second, while we used phenological data at the site-year level, 

incorporating cultivar-specific phenology could improve the analysis. Nonetheless, it seems that 

actual differences in heading dates among cultivars at each site-year are relatively small, around 

one day on average (Figure B.9). Third, studies have suggested that rising atmospheric CO2 could 

potentially increase wheat yield by elevated CO2 (eCO2) fertilization effects and improved water 

use efficiency43. However, this factor was not included in our analysis due to the considerable 

uncertainty in both modeling and observational eCO2 effects on wheat yields44. 

Despite these limitations, our results robustly support two key conclusions. First, using the 

EI approach, we found that wheat breeding programs have reduced climate resilience over the past 

four decades. Cultivar-level analysis further revealed that while breeding has improved yield 

potential, it has not simultaneously enhanced HD resilience, suggesting an increasing interplay 

between genetics and environmental factors17,45,46. Given the dominant role of temperatures in 

driving HD, the decreased HD resilience aligns with the finding that heat sensitivity of wheat 

yields in Kansas has increased in recent decades6,47. Several factors may explain decreased 

tolerance to HD over breeding progress. (1) Breeders often assume that breeding progress 

inherently adapts to climatic change, as cultivar selections are typically conducted across 

environments with a constantly changing climate48. However, this approach treats environmental 

factors as a ‘black box’ to evaluate overall performance without isolating resistance to specific 

climatic extremes48. (2) While wheat cultivars are assessed under different conditions, new 

cultivars are selected due to outstanding performance in favorable environments, where genetic 

variation and yield potential are greatest45,46. This might deter gains in tolerance to stressful 

climates, where genotype and environment interactions are more pronounced17,45. (3) The U.S. 

HWW breeding has largely focused on improving grain yield, biotic stresses, end-use quality, and 
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perhaps individual environmental stresses (e.g., drought stress)49 rather than targeting combined 

abiotic stresses like HD41. For example, in central Kansas, wheat breeding programs have 

progressively targeted resistance to different diseases over the decades, focusing on stem rust 

during the 1970s, Cephalosporium stripe in the early 1980s, leaf-spotting fungi during the 1990s, 

and Fusarium head blight since the 2000s50. However, climate change-oriented breeding remains 

a low priority, leading to failure to improve HD tolerance in most new cultivars51. (4) Genetic 

changes in modern wheat cultivars may have reduced HD resilience. The widespread adoption of 

semi-dwarf genes (Rht1/Rht2) during the Green Revolution increased yield potential by improving 

lodging resistance and allowing higher planting densities, particularly under favorable 

conditions52. However, these genes, gradually deployed after the 1960s and becoming dominant 

after 200053,54, also reduced root and coleoptile length, potentially limiting the ability of modern 

cultivars to access deeper soil moisture and thereby diminishing HD tolerance. Additionally, the 

1RS translocation from rye to wheat was historically used to enhance drought tolerance by 

improving root systems, but it was gradually phased out in modern breeding programs due to the 

negative effects on wheat quality55,56, possibly leading to reduced HD tolerance. 

The second key finding is the variability in cultivar-specific response to HD, providing a 

basis for developing new, climate-resilient cultivars. The diversity in HD tolerance and yield 

potential among recently released cultivars also offers farmers a choice in selecting the most 

appropriate cultivars to plant in their fields based on climatic conditions. In areas frequently 

experiencing HD conditions, predominant in the western and southern portions of the U.S. Great 

Plains, farmers can prioritize cultivars with strong HD tolerance to mitigate yield losses and 

enhance yield stability. In contrast, those regions less affected by HD can benefit more from the 

cultivars with higher yield potential to optimize productivity in favorable environments.  
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Faced with increasing climate extremes in the future, our findings highlight the need for 

breeders to revisit their breeding objectives and strategies to enhance climate resilience, 

particularly HD resilience35, without sacrificing productivity57. Additionally, our results suggest 

that crop-climate modelers should consider cultivar-level adaptation to climate variability and 

extremes when predicting the risks of crop production failure. Our findings on cultivar-specific 

HD resilience further provide a basis for producer adaptation to climate change and underscore a 

new breeding target for improving future cultivars58,59.  
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Chapter 4 - A hidden role of phenological shifts in climate 
change impacts wheat yields 

                                                                    

 4.1. Introduction 

Climate change poses severe challenges to the sustainable development of human society1, 

with agriculture being among the most vulnerable sectors2. Many studies have examined how 

climate variability and extremes affect crop yields3-6 and have concluded that inter-annual climate 

variability explains a large portion of year-to-year yield fluctuations3. In contrast, the role of long-

term climate change in shaping yield trends has received relatively less attention, despite its 

importance in designing effective mitigation and adaptation strategies7. Several studies showed 

that rising temperature can substantially reduce yield at regional and global scales8-12. However, 

most of these studies rely on static or fixed growing seasons8-10,12. This assumption may lead to 

mis-interpretation of crop responses by overlooking the capacity of crops to naturally adjust their 

phenology under a changing climate.  

Crop development is strongly temperature-dependent. Warmer conditions accelerate 

growth and advance key phenological stages such as heading and flowering13-17. These shifts can 

alter the duration of development phases and create mismatches between climatic extremes and 

sensitive growth stages, ultimately impacting yields17-21. For winter wheat, warming may 

positively or negatively influence winter wheat yield through direct temperature effects, such as 

reduced risk of cold injury and increased heat stress, and through indirect phenological shifts, 

including greater exposure to spring frosts22,23, avoidance of heat stress, and changes in the 

duration of phenological phases24,25 (Figure 4.1). Accordingly, it is essential to account for both 

the timing and intensity of climate stresses throughout the growing season when assessing climate 

change impacts. Yet, isolating climate-driven phenological shifts is difficult because they often 
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relate to genetic factors. For a given cultivar, the thermal time required for development, also 

known as growing degree days (GDD), is generally constant13,17,26,27. Rising temperatures do not 

change this requirement but advance phenological timing25. Plant breeders, in turn, have gradually 

modified GDD requirements to maintain longer growth duration under a warming climate17, which 

makes it difficult to distinguish phenological changes driven by climate from those attributable to 

genetics13.  

Ideally, the influence of climate change on phenology can be tracked by planting the same 

crop variety over multiple years across multiple sites. The U.S. Hard Winter Wheat Regional 

Nursery Program (HWWRNP) was established through collaboration between the U.S. 

Department of Agriculture (USDA) and multiple state agricultural experiment stations in the U.S. 

Great Plains. The program collected heading dates and yield data for multiple cultivars, 

consistently including the long-term check cultivar ‘Kharkof.’ Analysis of heading date trends at 

the long-term trial sites revealed consistent advances of 1-2 days per decade (Figure C.1). Since 

Figure 4.1. Schematic diagram illustrating the main effects of warming on winter wheat, 
accounting for phenological responses. Higher temperatures accelerate crop growth and 
development, advancing phenological stages and affecting yield primarily through five 
pathways. 
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Kharkof remained unchanged genetically, these shifts in heading date were mainly driven by 

climate change. This fixed-cultivar dataset therefore offers an opportunity to single out climate 

effects on yield trends under shifted phenological conditions13,28. 

Here, we developed a linear mixed-effects model to quantify the impacts of long-term climate 

change on winter wheat yields in the U.S. Great Plains from 1960 to 2024. We compared analyses 

based on observed phenological shifts with those assuming a fixed growing season as used in most 

prior studies. Finally, we decomposed the contributions of specific climate factors to climate-

driven yield trends, providing a clearer understanding on how phenological shifts modulate the 

impacts of historical climate change on wheat yield trends. 

 

 4.2. Material and Methods 

4.2.1 Data 

Raw crop data, including observed yields and heading dates for the hard winter wheat 

cultivar Kharkof, were obtained from the USDA-Agricultural Research Service (ARS), Hard 

Winter Wheat Regional Performance Nursery, where Kharkof has served as the long-term check 

in all field trials29. We extracted dryland site-years with records of both heading date and yield 

from 1960 to 2024 across 13 states (North Dakota, Montana, Minnesota, South Dakota, Wyoming, 

Iowa, Nebraska, Colorado, Kansas, Missouri, Oklahoma, New Mexico, and Texas), representing 

71% of U.S. winter wheat area (Figure C.1; Table C.1). 

Daily maximum temperature, minimum temperature, and precipitation from 1960 to 2024 

were obtained from the Daily U.S. Climate Gridded Dataset (NClimGrid-daily), a 5-km resolution 

gridded product maintained by the National Oceanic and Atmospheric Administration (NOAA; 

Table C.1). For each site, we derived climate data by averaging values from the five nearest 
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NClimGrid-daily grid points. 

 

4.2.2 Phenology 

Heading dates were recorded as the wheat growing stage when 50% of plants had fully 

emerged spikes from the flag leaf. The observed heading dates were then used to estimate two key 

phenological stages: double ridge (DR) and maturity (MT)18. The DR stage marks the onset of 

reproductive development and floral initiation, whereas the HD stage represents the completion of 

spike development and the transition toward anthesis. During the DR-HD period, the terminal 

spikelet forms, determining the total number of spikelets per spike. The HD-MT period 

encompasses grain set and grain filling, ultimately determining grain weight. Since temperature 

mainly affects the duration of developmental phases, a practical approach to estimate approximate 

MT and DR is through thermal time, also known as growing degree days (GDD, oC days)21,22,30-33. 

Using this approach, MT for each site-year was defined as the calendar date when cumulative 

GDD since HD reached 718 oC days22 (GDDHD-MT). Although this value represents a generic 

dryland threshold for the U.S. Great Plains rather than a Kharkof-specific threshold, validation 

against the 79 available observed MT dates across a broad spatial range (Figure C.2) showed strong 

agreement, with a root mean square error (RMSE) of only 3 days (Figure C.3). We also tested an 

alternative threshold of GDDHD-MT (800 oC days), previously applied to Kharkof in Bushland, 

Texas21, but this reduced accuracy in our study domain (RMSE = 5 days). Thus, we applied the 

718 oC days for GDDHD-MT to estimate MT for all site-years (Figure C.4). A similar approach was 

used to infer DR, based on a cumulative GDDDR-HD of 549 oC days from DR to HD22 (Figure C.4). 

The detailed calculation of GDD was provided in Supplementary Text C.1. Planting date (PT) data 

were available for only 181 site-years in our dataset. To obtain representative PT for each site, we 
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included additional PT data (3,071 observations) from dryland Variety Test Reports across the 13 

states (1960-2024) in this study (Table C.1). After excluding those sites with fewer than two years 

of records, 296 sites (3,131 observations; Figure C.5a) remained, and the mean PT was calculated 

for each site. These averages were then spatially interpolated to our study sites (Figure C.5b). 

 

4.2.3 Regression Model 

To ensure reliable estimation, we excluded sites with fewer than 3 years of trial data, 

remaining 1,101 observations across 58 sites (Figure 4.2a), and then quantified the impact of 

climate variables on yields using the following linear mixed-effects model34: 

𝑌0,< = 𝛼0 + 𝛽I,*<)<+𝑦𝑒𝑎𝑟< + 𝑓&𝑊0,<; 𝛽J)K/ + 𝜀0,<						(1) 

𝑓&𝑊0,<; 𝛽J)K/ = a𝛽B,C𝐹𝐷𝐷0,<,C +
7

C:B

a𝛽7,C𝐸𝐷𝐷0,<,C +
9

C:7

a𝛽9,C𝑃𝑟𝑐𝑝0,<,C +a𝛽D,C𝑃𝑟𝑐𝑝0,<,C7
9

C:B

9

C:B

+ 𝛽E𝑃10,< + 𝛽L𝑃20,< + 𝛽M𝑃30,<																																												(2) 

where Yl,t is the yield of Kharkof at location “l” in year “t”. αl is the location-specific random effect 

that accounts for time-invariant spatial heterogeneity such as soil properties. β0,state captures the 

state-specific linear time trend, reflecting changes in management practices over time.  f(Wl,t; βvar) 

represents the effects of specific variables with their corresponding coefficients β. The error term 

εl,t is likely heteroskedastic and autocorrelated. Therefore, we clustered standard errors (SEs) by 

locations, which accounts for autocorrelation in coefficient estimation. The adjusted SEs enabled 

the production of more conservative p-values (Table C.2). 

For the climate variables in Eq. 2, we included climate indices such as freezing degree days 

(FDD, oC days), extreme degree days (EDD, oC days) (Supplementary Text C.1), and both linear 

and quadratic terms for total precipitation (Prcp, mm) during specific phenological periods (p = 1, 
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2, and 3 for PT-DR, DR-HD, and HD-MT, respectively). To reduce the degrees of freedom, the 

FDDp3 and EDDp1 were not included in our model due to their uncommon occurrence in actual 

climate conditions35. Additionally, we included the lengths of three phenological periods (P1, P2, 

and P3) as explanatory variables. These lengths affected yield, and for a given cultivar (i.e., 

Kharkof), their variations were largely temperature-driven, particularly for P2 and P3. Thus, we 

treated them as climate variables. Finally, we assessed multicollinearity among all variables using 

the variance inflation factor (VIF)36. The VIF values less than 3 for all variables indicated no 

serious multicollinearity problem in the model.  

 

4.2.4 Quantifying the impact of climate trends 

Among all sites, 12 long-term trial sites [34.3oN-48.1oN] had observed HD records for at 

least 30 years, with the observation periods spanning more than 50 years (Figure C.1). Despite 

these long-term records, the amount of missing data varied across the 12 sites (Figure C.1). To 

enable fair comparisons of yield impacts driven by climate trends among sites, we gap-filled HD 

for missing years. Specifically, for each site, we estimated HD for missing years by applying the 

mean cumulative GDD from January 122,31,32 to the observed HD (GDD1/1-HD) across all available 

years at that site as the threshold. Validation against observed records showed RMSE of 5 days 

across the 12 sites (Figure C.6), confirming the method’s reliability. Based on the completed HD 

dates (Figure C.7), we then inferred the other phenological stages (PT, DR, and MT; Figure C.8) 

using the previous approach described above. 

Next, we quantified the impact of climate trends using a three-step process10:  

 (1) Notation: 

𝐶𝑙𝑖0,< = all observed climate variables used in Eq. 2 for location “l” in year “t” 
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𝐶𝑙𝑖0,<,  = predicted climate variables, based on a linear fit for 1960-2024 

𝐶𝑙𝑖0,<@  = detrended climate variables = 𝐶𝑙𝑖0,< − 𝐶𝑙𝑖0,<, + 𝐶𝑙𝑖0,BNL8,  

(2) Model predictions (Eq. 1; f): 

𝑓(𝐶𝑙𝑖0,<) = predicted yields using observed climate variables 

𝑓(𝐶𝑙𝑖0,<@ 	) = predicted yields using detrended climate variables 

(3) The yield effect of climate trends was quantified as the temporal trend of [𝑓&𝐶𝑙𝑖0,</ −

𝑓(𝐶𝑙𝑖0,<@ 	)]. 

Finally, we assessed the uncertainty in climate trend impacts by constructing the 95% 

confidence intervals (2.5th-97.5th percentiles) from 1,000 bootstrap resamples, in which historical 

data were resampled, and the three-step procedure was repeated for each sample. 

Additionally, we quantified the yield effect of trends on individual climate variables by 

replacing 𝐶𝑙𝑖0,<@  in steps (2) and (3) with detrended values for the specific variables of interest, 

while keeping all other variables at their observed values. 

 

 4.3. Results 

4.3.1 The impacts of climate trends on yields 

Using a lineal mixed-effects model with 1,101 yield observations for Kharkof (Figure 

4.2a), we first quantified yield responses to multiple climate variables, including crop-related 

climate indices (freezing degree days (FDD), extreme degree days (EDD), and cumulative 

precipitation) during specific phenological phases, as well as changes in the durations of the 

phenological phases (Methods). The model showed that increases in FDD and EDD reduced yield, 

and yield responses to precipitation followed a concave, nonlinear pattern across three 

phenological phases, with both drought and excessive rainfall lowering yields (Table C.2). 



60 

Additionally, the model showed that yield increased with longer DR-HD and HD-MT phases 

(Table C.2). 

We applied the regression analysis of historical data to estimate the impacts of climate 

trends on grain yield at 12 long-term trial sites from 1960 to 2024 (Figure 4.2a; Methods). The 

results revealed a latitudinal gradient, shifting from positive impacts in the north to negative in the 

south of the Great Plains (red line in Figure 4.2b). Based on latitude, sites were grouped into three 

regions: north (> 42oN), central (38oN-42oN), and south (< 38oN). In the north region, climate 

trends significantly (p-value < 0.05) increased yield, with average yield gains of 2.1% dec-1 (1.3% 

dec-1, 2.0% dec-1, and 3.1% dec-1 for Moccasin, Brookings, and Williston, respectively) relative to 

Figure 4.2. Climate change-driven yield trends from 1960 to 2024 estimated using two 
approaches. a, Map of trial sites included in our model (black and red dots) and the 12 long-
term trial sites used for climate impact analysis (red dots). Background shading represents 
the county-level average harvested area of winter wheat in the U.S. during 2001-2020, based 
on USDA-NASS data. b, Estimated climate change-driven yield trends for the 12 long-term 
sites using phenology-based (red) and fixed growing season (blue) approaches. Values are 
expressed as a percentage of the average yield in our samples (2.3 t ha-1). Error bars show 
the 2.5th-97.5th percentiles from 1,000 bootstrap replicates. Based on latitude, the 12 
locations were grouped into three regions: north, central, and south regions, indicated by 
blue, yellow, and red background shading, respectively. 
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the sample average (2.3 t ha-1) (red line in Figure 4.2b). In the central region, most sites showed 

insignificant yield impacts (red line in Figure 4.2b). In the south region, Stillwater (-1.3% dec-1) 

and Bushland (-0.7% dec-1) experienced significant (p-value < 0.05) yield declines, whereas Clovis 

and Chillicothe showed insignificant yield effects (red line in Figure 4.2b). 

By contrast, when we used a fixed-season approach to evaluate climate change-driven yield 

trends, we assumed an unchanging growing season over time and incorporated climate variables 

as nonlinear functions of average temperature and cumulative precipitation during this fixed period 

(Supplementary Text C.2 and Table C.3). Although the latitudinal gradient in climate impacts was 

similar, this approach consistently overestimated negative impacts of climate change across all 

sites (blue line in Figure 4.2b). Specifically, this approach detected no significant effects in the 

north region, but significant negative effects (p-value < 0.05) in the central and south regions, with 

the strongest impact of -2.4% dec-1 at the southernmost site (Chillicothe), approximately three 

times larger than the phenology-based estimate (-0.7% dec-1; Figure 4.2b).  

 

4.3.2 Disentangling climate trend impacts by specific variables 

We further decomposed the total climate-driven yield trend (red line in Figure 4.2b) into 

contributions from individual variables (Figure 4.3). Across all three regions, extension of the DR-

HD phase made a relatively large positive contribution to yield trends (Figure 4.3). Winter 

warming, reflected in a mean temperature increase of 0.34 oC dec-1 (p-value < 0.05; Figure 4.4a), 

significantly advanced the DR stage by 1.8 days dec-1 (p-value < 0.05; Figure 4.4b). The earlier 

DR stage, combined with higher spring temperatures13 (0.18 oC dec-1; p-value < 0.05; Figure 4.4c), 

further advanced HD by 1.2 days dec-1 (p-value < 0.05; Figure 4.4d). These shifts exposed crop 

development to cooler conditions, with mean temperatures during the DR-HD phase significantly 
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declining by -0.24 oC dec-1 (p-value < 0.05; Figure 4.4e). Since the thermal time (GDD) required 

Figure 4.3. Disentangling climate trend impacts from 1960 to 2024. Climate change-driven 
yield trends were separated by individual climate variables, including freezing degree days 
(FDD), extreme degree days (EDD), and cumulative precipitation (Prcp) during specific 
phenological phases and phases durations (planting to double ridge, PT-DR; double ridge to 
heading, DR-HD; and heading to maturity, HD-MT) for each site (light background shading). 
Regional averages for the north (blue), central (yellow), and south (red) regions are shown 
with dark background shading, and site panels are shaded to match their respective regions. 
Mean estimates are represented by color-coded bars in the regional panels and by color-coded 
dots in the site panels. Values are expressed as a percentage of the average yield in our 
samples (2.3 t ha-1). Error bars indicate the 2.5th-97.5th percentiles from 1,000 bootstrap 
replicates. 
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between the stages is relatively fixed for a given cultivar, particularly after vernalization is 

satisfied31,32, this cooler temperature prolonged the DR-HD phase by 0.6 days dec-1 (p-value < 

0.05; Figure 4.4f). The extensions of the DR-HD phase across regions due to temperature increase 

thus produced consistently positive contributions to yield trends (Figure 4.3 and Figure C.9). By 

Figure 4.4. Time series in temperature and phenology anomalies from 1960 to 2024. a, 
Mean temperature (Tm) during winter (December-February). b, Double ridge (DR) dates. 
c, Tm during spring (March-May). d, Heading (HD) dates. e, Tm during the DR-HD phase. 
f, Duration of the DR-HD phase. Anomalies were first calculated relative to the 1960-2024 
average for each site, and then averaged across sites within each region: north (blue), central 
(yellow), and south (red). Gray lines show the overall average across all sites and the linear 
regression trends based on the Mann-Kendall test, with gray shading representing the 95% 
confidence intervals. 
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contrast, although the HD stage occurred earlier under warming, higher temperatures during the 

grain filling period accelerated development, offsetting the potential extension of this phase. As a 

result, the HD-MT duration showed no significant long-term change (Figure C.10) and therefore 

did not contribute noticeably to yield trends (Figure 4.3). 

Regionally, winter warming provided particularly large benefits in the north, where cold 

injury occurs more frequently due to lower temperatures37. A reduction in FDD during the PT-DR 

phase further enhanced yield trends in this region (Figure 4.3). In the central region, however, 

warming increased EDD during the HD-MT phase, partially offsetting the benefits from the longer 

DR-HD phase. In the south region, even larger increases in EDD during the HD-MT phase led to 

greater yield reductions (Figure 4.3), suggesting that the negative effects of higher temperatures 

during this period outweighed the advantages of heat escape through earlier maturity (Figure C.8). 

The contributions of individual climate variables also varied across sites (Figure 4.3). 

We also decomposed the climate-driven yield trend estimated by the fixed-season approach 

(blue line in Figure 4.2b) into the contributions from temperature and precipitation (Supplementary 

Text C.2). Here, negative impacts were primarily driven by temperature trends (Figure C.11a), 

consistent with previous findings10. For example, in the south region, rising temperatures reduced 

yields by 1.7% dec-1 (p-value < 0.05; Figure C.11a). In contrast, the phenology-based framework 

partitioned temperature impacts into EDD, FDD, and temperature-driven changes in phenological 

duration, providing a more nuanced assessment. Similarly, the impacts of precipitation trends were 

estimated by summing contributions across all three phenological phases, confirming that 

precipitation trends were not the main driver of climate impacts. Importantly, we found that 

temperature trends did not significantly reduce yields in the central and south regions and even 

contributed positively to yield gains of 2.3% dec-1 in the north region (Figure C.11b). This 
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discrepancy highlights that fixed-season approach overestimates the negative effects of warming.  

 

 4.4. Discussion 

The evaluation of climate change-driven yield trends may be subject to several limitations. 

First, due to the limited records of planting date in the Kharkof dataset, we estimated the average 

planting date for each site based on dryland Variety Test Reports, which documented observed 

planting dates across the U.S. Great Plains (Methods; Table C.1). While this approach may not 

fully capture interannual climate variability during the PT-DR phase, its effect on our model 

estimates is likely minimal. This is because the primary climate stresses affecting yield, such as 

cold injury, spring frost, and heat stress, typically occur after the later vegetative stage (Figure 

4.1), making long-term trends in these climate variables largely unaffected. Additionally, winter 

wheat is generally fully vernalized by the time when dormancy ends and resumes growth in early 

spring, implying that planting date has limited influence on phenological timing once vernalization 

requirements are satisfied13,25. Finally, planting date adjustments often reflect management 

decisions, whereas our study aims to isolate climate-driven phenological shifts. Therefore, 

adopting a fixed PT date provides a consistent framework for assessing long-term climate impacts 

on yield.  

Second, MT dates can be directly inferred from observed heading dates using thermal time 

without accounting for photoperiod effects38,39 (Figure C.3). Ideally, the thermal time between DR 

and HD should be adjusted based on cultivar-specific photoperiod sensitivity39. However, because 

the datasets on the photoperiod sensitivity of Kharkof and its DR dates are unavailable, we could 

not explicitly determine DR timing. Instead, we adopted reported GDD value for the DR-HD phase 

without photoperiod adjustment, which have been widely applied to estimate winter wheat 
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phenology in the U.S. Great Plains22,35 (Methods). Although this approach may introduce some 

systematic bias in estimating DR dates, it is unlikely to affect long-term trend estimation for DR-

HD. Nevertheless, more detailed observed phenological data would help further refine stage-

specific estimates and improve the accuracy of future climate impact assessments. 

Third, isolating the effects of cultivar changes is critical for estimating long-term climate 

change impacts. To address this, we used Kharkof, a hard red winter wheat cultivar introduced to 

the United States in the early 20th century40, as a fixed reference cultivar, since it was the only 

check cultivar consistently included across all sites and years in our dataset. Changes in heading 

dates of Kharkof were primarily attributable to temperature change, but it is also reasonable to 

consider whether seeding rates or other management factors, such as fertilizer application, may 

have influenced the heading dates. As noted by Geleta et al. (2002), reasonable seeding rates affect 

heading dates by only ± 1 day41, indicating that long-term changes in seeding rates had no 

noticeable net effect13. Fertilizer applications could potentially delay heading by stimulating 

additional tillers; therefore, improved soil fertility in recent decades would not explain the earlier 

heading observed13. Although the inclusion of additional check cultivars could provide a more 

comprehensive assessment, it is not possible to reconstruct historical conditions or expose modern 

cultivars to past climates consistently. Importantly, this study emphasizes that accounting for 

phenological shifts is essential for accurately capturing the true effects of long-term climate change 

on crop yields.  

Lastly, elevated atmospheric CO2 is expected to enhance wheat yield through fertilization 

effects and improved water-use efficiency42. While our analysis does not explicitly account for the 

yield effect of elevated CO2, this additional CO2 fertilization benefit may further amplify the 

positive yield trends associated with climate change. 
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Research on long-term climate impacts has generally relied on two approaches: process-

based crop models and statistical models43. Crop models can simulate crop growth and 

phenological responses under varying environments, but their reliance on high-quality input data 

on crop management, growth, and soil conditions limits their large-scale applicability44. In the 

absence of cultivar-specific yield observations, simulated yields from crop models (i.e., DSSAT) 

have been used to estimate long-term climate impacts; however, research indicated such models 

may overstate the influence of rainfall trends due to their high sensitivity to water stress43. By 

contrast, statistical models are more practical for large-scale studies because they do not rely on 

detailed field or management inputs44. Instead, they typically account for spatial and temporal 

variability (i.e., soil conditions and management practices) through site and year effects, which 

has made them widely applied in climate-yield assessments10,45. Nonetheless, most statistical 

analyses for long-term climate change impacts have relied on static crop calendars8-10,12. While 

sufficient for quantifying the effects of climate variability and extreme events, this approach can 

bias estimates of long-term trends, since warming alters crop growth and development, enabling 

gradual phenological adaptation over time. In this study, based on observed phenological data, we 

provide evidence of this adaptive benefit, showing that an extended double ridge to heading phase 

primarily mitigates the effects of heat stress during the grain filling period. This occurs because 

late-winter warming shortens the overwintering period, advances regreening, and extends the 

subsequent active growth periods, favoring spikelet development and ultimately increasing kernel 

number per spike28,46. 

 

 4.5. Conclusion 

In summary, this study evaluated how historical climate trends have affected winter wheat 
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yields across the U.S. Great Plains over the past 65 years (1960-2024). To our knowledge, it 

provides the first evidence of the long-term climate fingerprint on U.S. winter wheat yields under 

changing phenology, using a fixed-cultivar dataset. We found that long-term climate trends did 

not markedly reduce yields and even contributed positively in the northern region. Our phenology-

based framework revealed that warming can induce natural crop adaptation through shifts in 

developmental timing, particularly by extending the DR-HD phase, which partially offsets the 

adverse effects of rising temperatures. Importantly, without accounting for phenological shifts and 

phase-specific climate conditions, assessments of long-term climate impacts would overstate the 

negative effects by roughly threefold, largely due to overestimation of temperature-driven impacts. 

These findings deepen our understanding of how climate change influences crop yields and 

highlight the importance of incorporating phenological changes into long-term climate impacts 

assessments. Our results also suggest that targeted breeding and management strategies, such as 

optimizing the timing of spike differentiation or aligning cultivar selection with local climate 

trajectories, could enhance adaptation to future warming.  
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Appendix A - Supplemental Information for Chapter 2 

Text A.1. Conceptual framework 

Crop production (P) is defined as the product of yield (Y) and harvested area (HA). HA can 

be further expressed as the product of planted area (PA) and harvestable fraction ($"
!"

). A proportion 

of PA may be abandoned (𝑓𝑎𝑏 = !"#$"
!"

	). Final county-level production can be calculated as:	           

																																														𝑃 = 	
𝐻𝐴
𝑃𝐴 × 𝑃𝐴 × 𝑌 =

(1 − 𝑓)() × 𝑃𝐴 × 𝑌																										[S1] 

Given the marginal relationship between pre-season fall precipitation and planted area 

(Figure A.12), we assume that weather conditions during both wheat pre-season and in-season do 

not impact planted areas. It seems evident that climate conditions have little bearing on farmers' 

planting decisions in Kansas. Instead, planting decisions are more likely guided by non-

environmental influences (i.e., long-term agricultural strategies, socio-economic factors, and 

policy incentives). Thus, in this study, both pre-season and in-season climate conditions affect 

production variability presumably through crop abandonment and yield variations. To estimate the 

impacts of climate-induced changes in abandonment and yields on total production across the Dust 

Bowl decade (1931-1940), the latest decade (2013-2022), and year 2023, we decomposed actual 

production [S1] into three components: expected base production (Pbase), changes in production 

due to abandonment (ΔPfab), and changes in production due to reductions in per-acre-harvested 

yield (ΔPY).  

We firstly substituted yields (Y) with the sum of expected base yields (Ybase) and yield 

anomalies (ΔY) in equation [S1], and introduced the terms of abandonment in normal years (𝑓)(ffff), 

resulting in the following: 

																																									𝑃 = 	 &1 − 𝑓)( + 𝑓)(ffff − 𝑓)(ffff/ × 𝑃𝐴 × (𝑌()*+ + ∆𝑌)																		[S2] 
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We next broke down equation [S2] into three components as, 

		𝑃 = &1 − 𝑓)(ffff/ × 𝑃𝐴 × 𝑌()*+ + (𝑓)(ffff − 𝑓)() × 𝑃𝐴 × (𝑌()*+ +	∆𝑌) 	

+ &1 − 𝑓)(ffff/ × 𝑃𝐴 × ∆𝑌																																																																															[S3] 

where 1 − 𝑓)(ffff	represents harvested area ratio in normal years; and 𝑓)(ffff − 𝑓)( defines changes in 

abandonment for years of interest relative to the expected abandonment in normal years. We then 

extracted each of three components from [S3]:  

																																				𝑃()*+ = &1 − 𝑓)(ffff/ × 𝑃𝐴 × 𝑌()*+ 																																					[S4] 

																											∆𝑃-)( = (𝑓)(ffff − 𝑓)() × 𝑃𝐴 × (𝑌()*+ + ∆𝑌)																											[S5] 

																																							∆𝑃. = &1 − 𝑓)(ffff/ × 𝑃𝐴 × ∆𝑌																																									[S6] 

The fab and ΔY were simulated for the years of interest in our RF models (Eqs. [1] and [2] in Main 

text). Note that the average abandonment (𝑓)(ffff)	and expected base yields (Ybase) in normal years 

were defined as the 30-year averages, calculated by using climate data from the period 1981-2010. 

We defined PA as the 30-year average over 1981-2010 when we calculated production changes 

due to abandonment and yield reductions. This allowed us to compare production losses from 

climate-driven changes in both abandonment and yields among years. The base abandonment (𝑓)(ffff) 

was calculated as, 

																																																															𝑓)(ffff =
1
30 a 𝑓𝑎𝑏'

78B8

':BNOB

																																														 [S7] 

The expected base yield (Ybase) was calculated from 𝛥𝑌 and average expected yield (𝑌o) (e.g., 30-

yr expectation value) derived from the loess regression, 

																																																														𝑌()*+ =
1
30 a &𝛥𝑌' + 𝑌o/																																				[S8]

78B8

':BNOB

 

We then examined and integrated county-level production for each component to state-
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level production, 

																																																													∆𝑃-)(,' =	a∆𝑃-)(,%,'

;

%:B

																																										[S9] 

																																																																∆𝑃.,' =	a∆𝑃.,%,'

;

%:B

																																													[S10] 

																																																																𝑃()*+: =a𝑃()*+,% 																																															[S11]
;

%:B

 

where y refers to specific year of interest (e.g., 2023), c represents specific county, n equals to 105 

(number of counties in Kansas, U.S.). Lastly, we expressed production changes relative to climate-

driven averaged production over 1981-2010 (𝑃()*+: ) as, 

																																																		%𝑃,' =	
∆!'(),*Q∆!+,*

!)(,&R × 100																																			[S12]			  

where %P’ is the relative production change (%) (shown in Figure 2.2 in Main text). 

 

Text A.2. The most critical climate driver of abandonment or yield loss 

While RF models have built-in methods for assessing the relative importance of predictor 

variables, such as feature importance, these methods typically assess variable importance at a 

global scale. No insight is given as to what is driving the prediction for a given observation point. 

Thus, in this study, we integrated a game theory (Shapley additive explanations, SHAP) into the 

RF models we created (equations [1] and [2] in Main text) to quantify the most critical climate 

drivers in wheat abandonment and yield changes. The SHAP values provide local model 

explanations and the contribution of each predictor variable for each data point via estimating the 

expected marginal contribution of a predictor across all possible combinations of predictors. 

Specifically, the magnitude of the SHAP value represents the strength of contribution to the 
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prediction. A larger absolute magnitude implies a stronger influence, while a smaller absolute 

magnitude indicates a weaker influence. We based our selection of predictors on the magnitudes 

for both directions (positive and negative). The more positive and more negative ones were 

selected as predictors. Moreover, a positive SHAP value means that it contributes to the increase 

in predicted value, and vice versa. Thus, we focused on the climate variables with more positive 

SHAP values for fab and with more negative SHAP values for ∆Y.  

The process to identify the climate drivers for yield and abandonment extremes includes 

five steps (Figure A.6): 1) we defined an extreme abandonment event as the abandonment above 

the 90th percentile, and an extreme yield losses event as the yield variation below the 10th 

percentile across all years (1926-2023) for each county in Kansas; 2) for each observed crop yield 

extreme event, we used SHAP to break down the predicted value derived from the RF model into 

the contribution of individual climate variables; 3) climate variables with the top three highest 

SHAP values and the top three lowest negative SHAP values were identified as the primary 

influencers for the abandonment and yield loss events, respectively; 4) based on the climate 

variables we used and the prevalent climate causes, we focused on four climate extreme events 

(low precipitation, high precipitation, cold temperatures, and warm temperatures) during four 

specific growth periods based on 10th or 90th percentiles of historical probability distributions. 

Note, a cold event occurs when Tn falls below its 10th percentile, whereas a warm event occurs 

when Tx exceeds its 90th percentile; 5) we determined the most critical climate driver for each 

abandonment or yield loss extreme. For example, for extreme abandonment, if the climate variable 

with the highest SHAP value (step 3) corresponded to any of four types of climate extremes above 

(step 4), it was deemed as the most pivotal climate extreme event; if no correspondence was found, 

we proceeded to look for the second highest variable, and subsequently to the third if necessary. 
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Finally, all extremes in abandonment (or yield) associated with the identical primary climate 

drivers were grouped together, resulting in 16 distinct groups. These groups were then used to 

calculate the percentage of area driven by the same primary driver relative to the total area 

experiencing extreme abandonment (or yield losses). 
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Figure A.1. Predicted vs. observed abandonment rates (fab) and yield anomaly (t ha-1). Black lines 
represent the 1:1 line. We showed the coefficient of determination (R2) and root mean square error 
(RMSE).  
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Figure A.2. Partial response of crop abandonment to precipitation in Fall (a) and Spring (b), as 
well as to maximum temperature in Fall (c) and Spring (d) taken from our random forest (RF) 
model. 
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Figure A.3. Robustness check of the estimation. Spatial distributions of the observed and estimated 
abandonment in typical years (1934, 1935, and 2023). The gray regions for the observed 
abandonment in 1935 and 2023 panels represent areas where county-level data on areas were 
unavailable.  
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Figure A.4. The decomposition of wheat production and primary climate drivers of extreme 
abandonment and yield loss. Similar to Figure 2.2b and Figure 2.3e,f, but the accumulated 
precipitation was replaced with the Palmer Z Index in the models.  
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Figure A.5. The decomposition of wheat production and primary climate drivers of extreme 
abandonment and yield loss. Similar to Figure 2.2b and Figure 2.3e,f, but the maximum and 
minimum temperature were replaced by the fraction of warm days and cold days in the models, 
respectively. 
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Figure A.6. Workflow of identifying the critical climate driver of each extreme abandonment. This 
workflow was also carried out for the extreme yield loss (ΔY; equation [2] in the main text), but 
using the lowest SHAP variable. This process was repeated for each observed extreme 
abandonment or yield loss occurrence. After the workflow, all extremes in abandonment or yield 
losses associated with the same primary climate driver were used to calculate the area fraction. 
Additionally, the area fraction for extremely low wheat prices (<10th) for fab was also calculated. 
The detailed descriptions can be found in Supplementary Text A.   

Embed SHAP into RF Model (equations [1]) with all data points (9,892) 

Identify the first three primary variables 
(with the top three highest SHAP values) 

Determine the most critical extreme climate driver 

The highest SHAP variable match a climate extreme 
NO 

For each observed 𝑓𝑎𝑏 extreme 

Identify four climate extremes for each growth period 

The second highest SHAP variable match a climate extreme 

YES 

As the most pivotal climate driver for 
that observed 𝑓𝑎𝑏 extreme event YES 

The third highest SHAP variable match a climate extreme 

NO 

YES 

Identify 𝑓𝑎𝑏	extreme events 

NO 

Drivers other than climate extremes (e.g., wheat price) 
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Figure A.7. Effects of fall precipitation on wheat abandonment in Kansas. The state-level observed 
abandonment (%) binned over fall precipitation (Prcp) from 1926-2023. The error bars indicate 
the 25th and 75th percentiles across all years within each precipitation bin. The lower panel 
displays the state-level precipitation distribution color-coded over 1926-2023 and precipitation 
percentiles are shown for defining the bins used.  
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Figure A.8. Relationship between wheat growth index conditions and precipitation in early 
November (first week) from 1987 to 2023. The quadratic relationship between winter wheat 
growth conditions and precipitation during August-October across the five wheat states (Nebraska, 
NE; Colorado, CO; Kansas, KS; Oklahoma, OK; and Texas, TX). State-level growth conditions 
were derived from USDA-NASS.  
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Figure A.9. Impacts of ENSO phases on linear detrended precipitation anomalies. Distributions of 
area-weighted average fall precipitation anomalies during El Niño (red) and La Niña (blue) phases 
in Nebraska (NE), Colorado (CO), Kansas (KS), Oklahoma (OK), and Texas (TX) based on 
average harvested area during 1981-2010. Negative and positive values indicate ENSO phases 
with decreased and increased precipitation, respectively. Distribution of precipitation anomalies 
in both El Niño and La Niño phases were plotted based on bootstrapping approach (n = 10,000) 
(see Main Methods). 
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Figure A.10. An example of yield trend used in this study through locally weighted smoothing 
regression with a span parameter of 0.75.  
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Figure A.11. An example of crop abandonment variations (Clark County in Kansas) with a locally 
weighted smoothing regression (a span of 0.75) used for detrending process. 
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Figure A.12. State-level planted areas of winter wheat vs. pre-season precipitation anomalies (with 
a base period of 1981-2010) across 1909-2023 in Kansas. Planted area data were derived from the 
United States Department of Agriculture-National Agricultural Statistics Service (USDA-NASS). 
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Table A.1. Modeling performance. 

Notes: Model 1 is the model we used in Main text with predictors including the accumulated precipitation (Prcp), 
mean maximum temperature (Tx), and mean minimum temperature (Tn) during four specific growth periods (fall, 
winter, spring, and early summer). In Model 2, the Prcp was replaced with the Palmer Z-Index. We also substituted 
the Tx and Tn in Model 1 by the fraction of warm days (fwd) and cold days (fcd) for Model 3. 
  

Models Yield changes   Abandonment fraction 
R2 RMSE (t ha-1)   R2 RMSE (-) 

Model 1 (Prcp, Tx, and Tn) 0.68 0.28   0.68 0.07 
Model 2 (Palmer Z-Index, Tx, and Tn) 0.70 0.27   0.65 0.08 

Model 3 (Prcp, fwd, and fcd) 0.70 0.27   0.69 0.07 
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Table A.2. Available years for planted and harvested areas data from USDA-NASS. 

 

  

States County-level State-level 
Nebraska 1956 - 2023 1909 - 2023 
Colorado        1929 - 2023 1909 - 2023 
Kansas 1926 - 2023 1909 - 2023 

Oklahoma 1926 - 2023 1909 - 2023 
Texas 1968 - 2023 1909 - 2023 
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Appendix B - Supplemental Information for Chapter 3 

Text B.1. Phenology of winter wheat  

We collected phenological observations including planting dates for 119 locations and 

harvest dates for 101 locations (excluding Texas (TX)) from the dryland field trials (Table B.1). 

Note, even though harvest dates in TX are not available, we collected the observed heading dates 

from the Agricultural Research Service covering three locations (Figure B.3 and Table B.1). We 

used a previous approach1 to fill in planting and harvest dates for missing years in each location 

from 1982-2020.  

The growing degree days (GDD, oC days) is a common matrix used to partition 

phenological periods of crops2,3. To gain the heading and jointing dates, we first calculated the 

state-level heading and harvest dates following the previous approach4 based on the weekly state-

level progress report from the United States Department of Agriculture’s National Agricultural 

Statistical Service’s (USDA-NASS) from 1982-2020. We then combined the state-level phenology 

with local temperatures3 to obtain the site-level GDD ratio from January 1 to heading dates and to 

maturity dates (referred to as RHMsite ranging from 55% to 60%). The maturity dates were inferred 

from dates 14 days prior to harvest dates5. Next, the site-level GDD ratio from January 1 to the 

jointing date and to maturity date (referred to as RJMsite) was estimated using the RHMsite based 

on a fixed ratio (RJMsite : RHMsite = 35% : 57%)1,2. Finally, the jointing and heading dates were 

estimated for each site-year using the RJMsite and RHMsite. Note that the observed heading dates 

in TX were collected over 20 years covering three stations including Bushland, Chillicothe, and 

Dallas, which represent three diverse natural regions: Great Plains, North Central Plains, and 

Coastal Plains, respectively (red dots in Figure B.3c and Table B.1). Thus, we estimated maturity 

dates in TX based on the accumulated GDD from January 1 to heading date and RHMsite. Then, 
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similar to other sites, the phenological dates for sites within TX were also estimated. Finally, the 

life cycle of winter wheat was segmented into three phenological periods: planting to jointing (p1), 

jointing to heading (p2), and heading to maturity (p3) for each location-year (Figure B.3). 

 

Text B.2. Climate covariates 

We first calculated two climate covariates including GDD and a linear and squared 

cumulative precipitation (Prcp, mm) for three phenological periods. The GDD was calculated 

based on adjusted mean temperature3 by imposing a maximum of 30oC and a minimum of 0oC6 on 

the daily minimum and maximum temperatures. The cold stress and heat stress were then tracked 

through the freeze degree days (FDD, oC days) and extreme degree days (EDD, oC days), 

respectively, quantified as:   

																												𝐹𝐷𝐷 = %𝐷𝐷!

"

!#$

							𝐷𝐷! = &
	0																																𝑖𝑓	𝑇! ≥ 𝑇%&'				
|𝑇! − 𝑇%&'|

24
												𝑖𝑓	𝑇! < 𝑇%&'				

																														(S1) 

																												𝐸𝐷𝐷 =	%𝐷𝐷!

"

!#$

						𝐷𝐷! = &
	0																																𝑖𝑓	𝑇! < 𝑇!()!
6𝑇! − 𝑇!()!7

24
											𝑖𝑓	𝑇! ≥ 𝑇!()!

																																	(S2) 

The hourly temperatures (Th) were simulated from daily maximum and minimum temperatures7. 

DDh represents degree days for hour h, and H is the number of hours in the specific phenological 

period. The Tlow (-11oC and -1oC during p1 and p2 periods, respectively)8 and Thigh (30oC during 

p2 and p3 periods)6 are common stress thresholds for the development in winter wheat.  

 

Text B.3. Identification of cultivar groups  

We identified 58 cultivar subsets (or groups), each comprising cultivars released over at 

least 10 distinct release years and tested across at least 10 environments (or site-years), based on a 
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structured six-step selection procedure (Figure B.4):  

(1) Site-year filtering: We began with 1,726 total site-years and excluded those containing cultivars 

from fewer than 10 unique release years, retaining 585 qualified site-years for further analysis.  

(2) Defining cultivar co-occurrence groups based on reference site-years: For each of the 585 

qualified site-years, we treated the set of cultivars tested in that site-year as a seed group. We then 

scanned all other site-years to identify environments in which any of those same cultivars co-

occurred. This allowed us to construct a cultivar group tested under the same environments. For 

each group, we built a matrix with rows representing the cultivars from the reference site-year and 

columns representing all site-years in which at least one of those cultivars was also grown. The 

yield of each cultivar in each site-year was recorded when available, and missing values (where a 

cultivar was not grown in a given site-year) were assigned as ‘Not a Number; NaN.’ This procedure 

generated 585 initial groups, each capturing cultivar performance across the environments where 

seed group cultivars co-occurred.  

(3) Within-group filtering: For each of the 585 groups, we excluded cultivars (rows) appearing in 

less than 10 site-years and removed site-years (columns) with less than 10 unique cultivar release 

years or with more than two missing data points. This step ensured that each group retained 

cultivars and environments with sufficient representation for reliable trend estimation.  

(4) Removal of small groups: After filtering, we further removed any groups that contained fewer 

than 10 site-years or fewer than 10 unique cultivar release years. This final filtering step ensured 

that only groups with adequate environmental and temporal breadth were retained. As a result, 257 

groups were available for the next phase of analysis.  

(5) Removal of redundant groups: Across the 257 retained groups, we identified redundant groups, 

defined as those sharing more than 90% of the same site-year-cultivar observations. For each set 
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of near-duplicate groups, we only utilized the group with the largest number of cultivars to preserve 

the most informative instance. This filtering step reduced the number of groups to 70, with an 

average pairwise overlap of only 20% (site-year-cultivar observations), indicating broad 

independence among the groups.  

(6) Filtering based on environmental range: Finally, to ensure a sufficient range of stress conditions, 

we retained groups with an environmental index (EI) range of at least 3 t ha-1, where EI was used 

to quantify environmental stress level and calculated based on the average yield of all cultivars per 

site-year within each group. This last step yielded 58 groups used to analyze how breeding-driven 

yield gains vary across different environmental stress levels. 

 

Text B.4. Benchmark-based assessment of cultivar yield trends 

We selected a long-term wheat cultivar ‘Arapahoe’ (released in 1988) to use as a reference. 

It had the longest trial period among all cultivars studied and was widely planted in 438 site-years. 

To ensure reliable comparison of cultivar performance across diverse environments, we 

implemented the following mathematical coding flow: 

(1) Define yield environment using Arapahoe’s yield percentiles (Figure B.6a) 

Define:  

           Yref,25 = 25th percentile of Arapahoe’s yield across all 438 site-years (i.e., 2.6 t ha-1), 

           Yref,75 = 75th percentile of Arapahoe’s yield across all 438 site-years (i.e., 4.2 t ha-1), 

For each site-year (e), compare Arapahoe’s yield: 

           If Yref,e ≤ Yref,25, classify as a low-yielding environment  

           If Yref,e ≥ Yref,75, classify as a high-yielding environment  

           Otherwise, classify as a moderate-yielding environment (not adjusted) 
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(2) Calculate adjusted yield for each cultivar (normalization) (Figure B.6b-f) 

Define: 

           𝑌%,+: observed yield of cultivar c in the site-year e 

           𝑌K+-,+: Arapahoe’s observed yield in the site-year e 

           𝑌K+-,=.ffffffff: Arapahoe’s average yield under low-yielding (LY) environments (i.e., 2.0 t ha-1) 

          𝑌K+-,$.fffffffff: Arapahoe’s average yield under high-yielding (HY) environments (i.e., 4.8 t ha-1) 

           𝑌%,+
)@S: adjusted yield of cultivar c in the site-year e 

Then: 

           For low-yielding site-years,  

           𝑌%,+
)@S = 𝑌%,+ + (𝑌K+-,=.ffffffff −	𝑌K+-,+)	  

           For high-yielding site-years,  

           𝑌%,+
)@S = 𝑌%,+ + (𝑌K+-,$.fffffffff −	𝑌K+-,+)	  

           For moderate-yielding site-years, 

           𝑌%,+
)@S = 𝑌%,+ 				(𝑛𝑜	𝑎𝑑𝑗𝑢𝑠𝑡𝑚𝑒𝑛𝑡)									 

(3) Estimate breeding-driven yield trend for low- and high-yielding environments 

To ensure a consistent basis for comparison, we retained only those cultivars that simultaneously 

appeared in both low- and high-yielding environments. Specifically, we first identified cultivar 

release years under each environmental type (Figure B.6g), and then determined the subset of 

cultivars shared between both environmental types within the same release year (Figure B.6h). For 

example, of all five cultivars released in 2010, ‘McGill’ and ‘Robidoux’ were the only two 

observed in both low- and high-yielding site-years, making them eligible for comparison. Lastly, 

yield trends over cultivar release years were estimated separately for low- and high-yielding 

environments (Figure B.6i). 
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Figure B.1. Conceptual diagram illustrating scenarios of breeding-driven climate resilience. a, 
Breeding-driven yield trends under favorable and adverse environments. The solid black line 
shows yield improvements under favorable environments, serving as a reference here for 
evaluating changes in climate resilience. The dashed black line, parallel to the solid black line, 
indicates consistent yield improvements under adverse environments. Blue shading (including 
dashed line) denotes increased resilience where cultivar advancements sustain consistent or greater 
yield gains under adverse conditions. Red shading indicates declining resilience, where yield gains 
are slower under adverse conditions than under favorable conditions. b, Yield change of newer vs. 
older cultivars under hot-dry (HD) stress conditions. The solid black line represents the yield 
change between low and high HD stress for older cultivars, and it serves as a reference for 
assessing changes in HD resilience. The dashed black line, parallel to the solid black line, indicates 
consistent yield loss for newer cultivars. Blue shading (including dashed line) reflects increased 
HD resilience, where newer cultivars exhibit consistent and even smaller yield losses under HD 
stress compared to older ones. Red shading indicates declining HD resilience where newer 
cultivars suffer more negative yield losses than older ones. 
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Figure B.2. Change in response of wheat breeding progress to climate resilience from current 
existing studies, including in Kansas, U.S. (a)9, U.S. Great Plains (b)10, Europe (c)11, South Africa 
(d)12, and International Wheat Improvement Network’s Elite Spring Wheat Yield Trial (e)13. Data 
sources used in all sub-figures were taken from references cited here. 
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Figure B.3. Average phenology (days of year, DOY) estimated from 1982 to 2020.  a-d, The 
estimated phenology included planting (a), jointing (b), heading (c), and maturity (d) dates. The 
three red dots in Texas in c denote three stations where the heading dates were documented by 
observations. 
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Figure B.4. Flowchart for identifying cultivar × environment groups used in the environmental 
index (EI) analysis. ‘N’ denotes the number of site-years, and ‘n’ represents the number of cultivar 
× environment groups retained at each step.  

Groups identified in the EI analysis: n = 58 

Total site-years: N = 1,726 

Screen site-years: Exclude site-years with < 10 unique cultivar release years. (N = 585) 

Construct cultivar (rows) × environment (columns) groups: For each of the 585 site-years, we treated 
the set of cultivars tested as a seed group (reference). For each reference cultivar set, we constructed a 
matrix with rows representing the cultivars from the reference set and columns representing all site-years 
where at least one of these cultivars was also grown. If a cultivar from the reference set did not appear in 
a given site-year, the entry was coded as “NaN.” Repeating this procedure for all 585 site-years produced 
585 cultivar × environment groups in total. (n = 585) 

Filtering cultivars and environments within each group:  
1. Exclude specific cultivars (rows) with < 10 site-years. 
2. Exclude site-years (columns) with < 10 unique release years, then 
3. Exclude site-years (columns) with > 2 missing data points. (n = 585) 

Groups (QA/QC):  
1. Exclude groups with < 10 site-years. 
2. Exclude groups with < 10 unique release years. (n = 257) 

Filtering redundancy: 
1. Identify duplicate groups as those sharing more than 90% of the same site-year-cultivar observations.  
2. Within each set of duplicates, retain only the group with the largest number of cultivars. (n = 70) 

Environmental gradients: Retain groups with an environmental index (EI) range ≥ 3 t ha-1. (n = 58) 

Step 1 

Step 2 

Step 3 

Step 4 

Step 5 

Step 6 
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Figure B.5. Diagram illustrating the change of breeding-driven yield gains over the environmental 
index (EI). a, A 16 × 30 yield matrix for a selected group, with rows representing cultivars and 
columns representing environments (site-years). ‘NaN’ refers to missing data. We ensured that 
missing data did not exceed two entries for each site-year to avoid overly unbalanced data. b, EI 
(blue dots) and breeding-driven yield trend (red dots) calculated for each site-year within the 
group. c, The relationship between breeding-driven yield trends and EI across all environments 
where the solid line represents a linear regression fit.  
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Figure B.6. Detailed procedures of breeding-driven yield trends under low- (LY) and high-yielding 
(HY) environments, using a reference cultivar ‘Arapahoe.’ a, Yield distribution of ‘Arapahoe’ 
across 438 site-years. LY (red shading) and HY (blue shading) environments were defined based 
on the 25th and 75th percentiles, respectively. b, Arapahoe’s yields in LY (red lines) and HY (blue 
lines) environments. The horizontal line denotes Arapahoe’s average yield (𝑌K+-fffff). c,d, Arapahoe’s 
yield deviation (δY) between its average yield under LY (c) or HY (d) environments and its 
observed yield. e,f, Adjusted yields (Yadj) of cultivars in LY (e) and HY (f) environments, 
normalized to Arapahoe’s average yield in LY and HY environments, respectively, for all site-
years identified. g, Cultivar release years identified in both LY and HY environments. h, Shared 
cultivars planted in both LY and HY environments for each release year. Some cultivar names 
were abbreviated due to space constraints. ‘N’ refers to the total number of cultivars. i, Changes 
in average adjusted yield across release years under LY (red dots) and HY (blue dots) 
environments. The size of the circle shows the number of cultivars shown in h. Solid lines and 
shaded areas are linear regression trends and the 95% confidence intervals, respectively. The gray 
shaded region marks the reference cultivar ‘Arapahoe.’  
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Figure B.7. Annual mean frequency of hot-dry events from heading to maturity period during 
1982-2020. 
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Figure B.8. Estimated sensitivity to hot-dry events (HD) across all cultivars. Cultivar release 
sources are color-coded: red for Nebraska (NE), green for Colorado (CO), purple for Kansas (KS), 
blue for Oklahoma (OK), yellow for Texas (TX), and gray for other sources like private companies. 
The state sources generally represent the corresponding State Universities. Error bars show mean 
± one clustered SE. Dashed lines and solid black lines represent linear regression trends for specific 
cultivar sources (color-coded) and all data sources, respectively. The “**” denotes a statistical 
significance at the 95% confidence levels based on the Mann-Kendall test. 
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Figure B.9. Distribution of heading date difference among all cultivars evaluated at each site-year 
in Kansas from 1996 to 2013, along with three reference cultivars of 2137, Jagger, and Everest 
selected. The N = 670 is the available number of site-year-cultivar observations. 
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Figure B.10. Spatial distribution of trial sites selected for assessing the response of cultivar 
advancements to environmental stress. a, Distribution of 83 sites included for the environmental 
index analysis. b, Distribution of 56 sites included for the reference cultivar analysis. 
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Figure B.11. Distribution of the local 85th percentile of daily maximum temperatures during 
specific phenological periods from 1982 to 2020. 
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Figure B.12. The impact of hot-dry events (HD) on wheat yield, with HD estimated using absolute 
(HDabsTH) and relative thresholds (HDrelTH). a, Average yield loss associated with HD events, 
expressed per standard unit (or standard deviation) of HD events. Error bars represent the 95% 
confidence intervals. b, Changes in the sensitivity to HD across cultivar release years. The solid 
lines represent average impact, with shaded areas representing the 95% confidence intervals. 
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Figure B.13. Alternative models to estimate the change of sensitivity to hot-dry events (HD). The 
preferred model allows the effect of HD during heading to maturity period (p3) to vary across 
cultivars. The second model allows the effects of extreme degree days (EDD) and HD during the 
p3 period to vary, and the third model allows all climate indices to vary across cultivars. 
Additionally, we also replaced the temperature indices (growing degree days, GDD; freezing 
degree days, FDD; and EDD) during specific phenological periods with average temperature 
(Tavg) and a quadratic term (Tavg2) during three phenological periods to estimate the HD 
sensitivity by allowing HD or all climate variables to vary. The lines are linear regression fits 
estimated by the least squares, with shading representing the respective 95% confidence intervals. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



109 

Figure B.14. Sensitivity of winter wheat cultivar advancement to hot-dry events (HD), estimated 
based on relative yield change (%). Estimated HD sensitivity across all cultivars, where each open 
circle represents a newly released cultivar in the U.S. hard winter wheat belt. Error bars show mean 
± 1SE. The solid black line represents the linear regression trend over cultivar release years. 
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Figure B.15. Changes in sensitivity of wheat cultivars to hot-dry (HD) events based on models 
incorporating available water capacity (AWC) and site-level soil texture. a, The linear effect of 
AWC on yield. Black line shows the average effect, and the shaded area indicates the 95% 
confidence interval. The AWC data were extracted from the nearest 1-km (~0.009o) grid cell to 
each trial location based on the Gridded National Soil Survey Geographic Database 
(gNATSGO)14. b, Change in HD sensitivity over cultivar release years, accounting for AWC in 
the model (ModelAWC). c, Estimated effects of soil texture on yield. The soil texture for field-trial 
sites was obtained from the test reports used in this study. Bars refer to average effects with error 
bars showing the 95% confidence intervals from 500 bootstrap samples. d, Same as b but with soil 
texture included in the model (Modelsoil texture). 
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Table B.1. Links to public datasets for crop and climate data. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Crop datasets Links 

South Dakota 
https://extension.sdstate.edu/winter-wheat-variety-trial-results 

https://openprairie.sdstate.edu 

Nebraska 
https://digitalcommons.unl.edu/extensionhist/ 

https://cropwatch.unl.edu/winter-wheat-variety-test-results/ 

Colorado 
https://csucrops.org/winter-wheat/ 
http://ramwheatdb.com/singlelocation.php 

Kansas https://www.ksre.k-state.edu/historicpublications/report-progress.html 

Oklahoma 

http://croptrials.okstate.edu/wheat/grain-yield 

https://digitalprairie.ok.gov/digital/collection/stgovpub/id/23998 

https://www.okwheat.org/research-documents/variety-trials/ 

https://agresearch.okstate.edu/facilities/oklahoma-panhandle-research-and-
extension-center/site-files/docs/wheat-performance-trials/2012-panhandle-
osu-wvt.pdf 

Texas http://varietytesting.tamu.edu/wheat/ 

Texas heading dates 
https://www.ars.usda.gov/plains-area/lincoln-ne/wheat-sorghum-and-forage-
research/docs/hard-winter-wheat-regional-nursery-program/pre-2010-
nursery-data/ 

Cultivar release years https://thewheatfarmer.com/wheat-varieties/ 

State-level progress reports https://quickstats.nass.usda.gov/ 
Climate datasets Links 
gridMET https://www.climatologylab.org/gridmet.html 

https://extension.sdstate.edu/winter-wheat-variety-trial-results/
https://openprairie.sdstate.edu/
https://digitalcommons.unl.edu/extensionhist/
https://cropwatch.unl.edu/winter-wheat-variety-test-results/
https://csucrops.org/winter-wheat/
http://ramwheatdb.com/singlelocation.php
https://www.ksre.k-state.edu/historicpublications/report-progress.html
http://croptrials.okstate.edu/wheat/grain-yield
https://digitalprairie.ok.gov/digital/collection/stgovpub/id/23998
https://www.okwheat.org/research-documents/variety-trials/
https://agresearch.okstate.edu/facilities/oklahoma-panhandle-research-and-extension-center/site-files/docs/wheat-performance-trials/2012-panhandle-osu-wvt.pdf
https://agresearch.okstate.edu/facilities/oklahoma-panhandle-research-and-extension-center/site-files/docs/wheat-performance-trials/2012-panhandle-osu-wvt.pdf
https://agresearch.okstate.edu/facilities/oklahoma-panhandle-research-and-extension-center/site-files/docs/wheat-performance-trials/2012-panhandle-osu-wvt.pdf
http://varietytesting.tamu.edu/wheat/
https://www.ars.usda.gov/plains-area/lincoln-ne/wheat-sorghum-and-forage-research/docs/hard-winter-wheat-regional-nursery-program/pre-2010-nursery-data/
https://www.ars.usda.gov/plains-area/lincoln-ne/wheat-sorghum-and-forage-research/docs/hard-winter-wheat-regional-nursery-program/pre-2010-nursery-data/
https://www.ars.usda.gov/plains-area/lincoln-ne/wheat-sorghum-and-forage-research/docs/hard-winter-wheat-regional-nursery-program/pre-2010-nursery-data/
https://thewheatfarmer.com/wheat-varieties/
https://quickstats.nass.usda.gov/
https://www.climatologylab.org/gridmet.html
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Table B.2. Likelihood ratio test between models with and without HD. 

  

Simulated Likelihood Ratio Test: 1,000 replications 
Model AIC BIC p-value 
Without HD 74,485 74,624  
With HD 74,300 74,446 <0.001 
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Table B.3. Coefficient estimates from modelling regression. 

Notes: Specific phenological periods: planting to jointing (p1), jointing to heading (p2), and heading to maturity (p3) 
periods. The p-values were estimated by the clustered standard errors (SEs) by cultivar and year. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Climate indices Coefficients SEs p-values 

Prcpp1 (50 mm) 0.312 0.052 <0.001 
Prcpp2 (50 mm) 0.583 0.063 <0.001 
Prcpp3 (50 mm) 0.060 0.062 0.338 
Prcpp1 Squared (502 mm) -0.025 0.005 <0.001 
Prcpp2 Squared (502 mm) -0.110 0.014 <0.001 
Prcpp3 Squared (502 mm) -0.013 0.008 0.119 
GDDp1 (100oC days) 0.027 0.014 0.050 
GDDp2 (100oC days) 0.006 0.052 0.902 
GDDp3 (100oC days) 0.062 0.024 0.009 
FDDp1 (1oC day) -0.001 0.000 <0.001 
FDDp2 (1oC day) -0.090 0.018 <0.001 
EDDp2 (1oC day) -0.072 0.031 0.020 
EDDp3 (1oC day) -0.022 0.011 0.052 
HDp3 (1%) -0.010 0.002 <0.001 
Observations 25,359   
R-squared 0.41   
p-value (F-test) <0.001   



114 

Table B.4. Cultivar-specific information, average sensitivity to hot-dry events (t ha-1 per % HD), 
and average simulated yields (t ha-1) across 500 bootstrap samples, and the proportion (%) of 500 
bootstrap samples corresponding to each category.  

Cultivars Release 
years 

No. of 
observations 

Cultivar 
source 

Average 
HD 

sensitivity 

Average 
simulated 

yields 

HyHt 
(%) 

LyHt 
(%) 

HyHs 
(%) 

LyHs 
(%) 

Hawk 1981 71 Company -0.001 2.99 7.6 81.0 0.0 11.4 

Sandy 1981 75 Colorado -0.006 2.88 0.0 77.2 0.0 22.8 

Brule 1982 149 Nebraska -0.001 3.04 4.4 93.6 0.0 2.0 

Centura 1983 199 Nebraska -0.004 2.93 0.0 91.8 0.0 8.2 

Colt 1984 136 Nebraska -0.003 3.00 0.2 95.4 0.0 4.4 

Siouxland 1984 243 Nebraska -0.003 3.02 0.6 97.8 0.0 1.6 

TAM 107 1984 386 Taxes -0.003 3.05 0.8 98.8 0.0 0.4 

Thunderbird 1985 189 Company -0.008 2.97 0.4 76.4 0.0 23.2 

Cody 1986 75 Nebraska -0.002 2.99 1.2 96.0 0.0 2.8 

Norkan 1986 99 Kansas -0.004 2.89 0.2 89.4 0.0 10.4 
TAM 200 1986 153 Taxes 0.001 3.01 1.2 97.2 0.0 1.6 
Abilene 1988 137 Company -0.006 3.10 15.2 69.6 1.2 14.0 

Arapahoe 1988 447 Nebraska -0.005 3.08 1.0 96.6 0.0 2.4 

Karl 1988 129 Kansas -0.012 2.99 2.8 36.4 0.0 60.8 

Lamar 1988 92 Colorado -0.002 2.93 0.4 94.4 0.0 5.2 

Redland 1988 163 Nebraska -0.003 3.10 10.0 85.2 0.0 4.8 

Longhorn 1990 91 Company -0.003 2.85 0.0 91.8 0.0 8.2 

Tomahawk 1990 116 Company -0.008 3.06 14.8 44.0 0.8 40.4 

Laredo 1991 67 Company -0.008 3.00 3.0 63.6 0.8 32.6 

Yuma 1991 149 Colorado -0.010 3.00 0.6 53.2 1.2 45.0 

Karl 92 1992 179 Kansas -0.007 3.04 3.6 75.0 0.0 21.4 
Ogallala 1992 107 Company -0.012 3.06 5.4 36.2 3.6 54.8 

Vista 1992 194 Nebraska -0.006 3.05 2.0 86.0 0.0 12.0 

Akron 1994 241 Colorado -0.008 3.03 0.4 73.4 0.0 26.2 

Alliance 1994 398 Company -0.011 3.13 8.2 36.4 8.8 46.6 

Coronado 1994 109 Company 0.002 3.24 76.0 24.0 0.0 0.0 

Halt 1994 196 Colorado -0.007 3.01 0.6 78.4 0.0 21.0 

Jagger 1994 624 Kansas -0.003 3.03 0.0 100.0 0.0 0.0 

Jules 1994 69 Colorado -0.012 2.98 1.0 39.6 0.6 58.8 

Nekota 1994 99 Nebraska -0.003 3.03 4.0 82.2 0.0 13.8 

Niobrara 1994 132 Nebraska -0.004 3.11 15.2 75.8 1.2 7.8 

2137 1995 389 Kansas -0.008 3.18 41.8 44.4 4.2 9.6 

AP7510 1995 63 Company -0.024 3.25 3.2 0.0 68.6 28.2 
T81 1995 61 Company -0.008 3.23 42.0 16.0 27.8 14.2 

Century 1996 72 Oklahoma -0.011 2.96 3.8 43.4 0.6 52.2 

TAM 110 1996 131 Taxes -0.006 3.07 5.4 82.8 0.6 11.2 

2174 1997 146 Oklahoma -0.007 2.99 0.4 75.2 0.0 24.4 

Windstar 1997 99 Nebraska -0.006 3.08 11.2 66.6 1.8 20.4 
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Table B.4. Continued. 

Cultivars Release 
years 

No. of 
observations 

Cultivar 
source 

Average 
HD 

sensitivity 

Average 
simulated 

yields 

HyHt 
(%) 

LyHt 
(%) 

HyHs 
(%) 

LyHs 
(%) 

Yumar 1997 93 Colorado -0.018 2.92 0.0 7.6 0.6 91.8 
Enhancer 1998 96 Company -0.014 2.96 0.0 23.2 0.0 76.8 

Onaga 1998 70 Company -0.003 3.13 34.6 38.0 0.2 27.2 
Prowers 1998 61 Colorado -0.016 2.81 0.0 25.8 0.0 74.2 
Culver 1999 118 Nebraska -0.006 3.06 6.8 73.8 0.6 18.8 

Kalvesta 1999 55 Company -0.016 2.98 0.2 13.8 1.2 84.8 
Nuplains 1999 76 Nebraska -0.002 2.92 0.0 94.6 0.0 5.4 

Prairie Red 1999 197 Colorado -0.010 3.06 1.8 55.4 1.8 41.0 
Prowers 99 1999 72 Colorado -0.015 2.63 0.0 16.0 0.0 84.0 
Thunderbolt 1999 97 Company -0.006 3.05 3.8 75.6 0.2 20.4 

Trego 1999 178 Kansas -0.009 3.13 12.2 48.4 8.0 31.4 
Wesley 1999 467 Nebraska -0.009 3.19 41.6 30.0 14.0 14.4 

Lakin 2000 89 Kansas -0.011 2.87 0.0 47.2 0.0 52.8 
Millennium 2000 299 Nebraska -0.007 3.30 80.8 1.8 16.8 0.6 
NuFrontier 2000 115 Company -0.010 3.07 3.0 48.6 2.2 46.2 
NuHorizon 2000 61 Company -0.009 2.97 2.6 57.8 0.2 39.4 

Stanton 2000 93 Kansas -0.015 2.92 0.0 19.0 0.2 80.8 

Venango 2000 64 Company -0.020 2.94 0.0 1.4 0.4 98.2 

2145 2001 185 Kansas -0.008 3.13 18.8 50.2 3.6 27.4 
AP502CL 2001 115 Company -0.002 2.92 0.0 95.2 0.0 4.8 

Above 2001 207 Colorado -0.007 3.06 3.0 80.4 2.0 14.6 
Ankor 2001 97 Oklahoma -0.015 2.97 0.0 16.8 0.8 82.4 

Avalanche 2001 125 Colorado -0.011 2.98 0.0 42.8 0.4 56.8 
Cutter 2001 120 Company -0.002 3.30 84.6 10.4 4.6 0.4 

Jagalene 2001 467 Company -0.003 3.09 4.0 95.8 0.0 0.2 
Wahoo 2001 192 Nebraska -0.001 3.29 93.6 6.0 0.4 0.0 

Goodstreak 2002 206 Nebraska -0.014 3.01 0.0 16.2 0.4 83.4 
Harry 2002 103 Nebraska -0.007 3.23 52.8 20.0 16.2 11.0 

Overley 2003 250 Kansas -0.001 3.24 78.4 20.8 0.6 0.2 
Santa Fe 2003 250 Company -0.006 3.24 72.4 18.0 7.2 2.4 
TAM 111 2003 374 Taxes -0.012 3.19 14.0 15.6 40.8 29.6 
Deliver 2004 210 Oklahoma -0.009 3.12 10.6 50.8 5.6 33.0 

Endurance 2004 396 Oklahoma -0.015 3.20 2.8 2.8 60.0 34.4 
Hatcher 2004 322 Colorado -0.012 3.27 34.0 3.8 57.6 4.6 

Sturdy 2K 2004 81 Taxes 0.004 3.23 69.6 29.8 0.0 0.6 
Bond CL 2005 168 Colorado -0.015 3.22 8.2 3.0 61.8 27.0 

Danby 2005 69 Kansas -0.017 3.16 4.6 7.8 40.8 46.8 
Infinity CL 2005 217 Nebraska -0.008 3.22 49.6 22.6 21.0 6.8 

Keota 2005 108 Company -0.012 3.08 3.8 35.6 7.8 52.8 

OK Bullet 2005 168 Oklahoma -0.002 3.03 1.6 92.8 0.0 5.6 
Okfield 2005 55 Oklahoma 0.007 3.00 10.0 88.8 0.0 1.2 
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Table B.4. Continued. 

Cultivars Release 
years 

No. of 
observations 

Cultivar 
source 

Average 
HD 

sensitivity 

Average 
simulated 

yields 

HyHt 
(%) 

LyHt 
(%) 

HyHs 
(%) 

LyHs 
(%) 

TAM 112 2005 329 Taxes -0.007 3.24 71.8 17.4 9.2 1.6 

Centerfield 2006 98 Oklahoma -0.005 2.93 0.0 81.4 0.0 18.6 

Duster 2006 414 Oklahoma -0.009 3.22 46.2 18.2 26.6 9.0 

Fuller 2006 360 Kansas -0.008 3.16 29.4 51.8 7.0 11.8 

NuDakota 2006 66 Company -0.014 3.30 21.4 2.2 64.8 11.6 

NuGrain 2006 60 Company -0.015 3.03 2.2 19.0 6.8 72.0 

Post Rock 2006 113 Company -0.010 3.06 3.2 49.2 3.4 44.2 

Shocker 2006 146 Company -0.003 3.12 22.4 69.4 0.6 7.6 

Art 2007 176 Company 0.003 3.26 80.2 19.6 0.2 0.0 

Bill Brown 2007 140 Colorado -0.018 3.21 0.6 1.4 58.0 40.0 
Doans 2007 185 Company -0.014 3.06 1.4 18.2 1.2 79.2 

Overland 2007 314 Nebraska -0.006 3.44 82.6 0.0 17.4 0.0 

Ripper 2007 137 Colorado -0.007 3.21 44.4 25.4 19.0 11.2 

TAM 203 2007 107 Taxes -0.014 3.32 22.0 0.8 74.2 3.0 

TAM 304 2007 174 Taxes -0.008 3.37 77.0 0.2 22.6 0.2 

Winterhawk 2007 384 Company -0.011 3.34 45.0 0.2 54.4 0.4 

Armour 2008 283 Company -0.005 3.20 57.0 35.6 4.4 3.0 

Camelot 2008 202 Nebraska -0.003 3.20 56.6 39.0 3.0 1.4 

Jackpot 2008 226 Company -0.009 3.23 46.8 14.8 29.6 8.8 

Settler CL 2008 282 Nebraska -0.006 3.31 84.0 2.0 13.2 0.8 

TAM 401 2008 119 Taxes -0.011 3.13 6.6 35.6 16.0 41.8 
Thunder CL 2008 81 Colorado -0.012 3.10 4.0 26.2 13.0 56.8 

Billings 2009 197 Oklahoma -0.016 3.22 7.8 3.0 60.0 29.2 

Everest 2009 270 Kansas -0.012 3.28 32.4 3.0 59.6 5.0 

Snowmass 2009 141 Colorado -0.018 3.46 6.2 0.0 93.4 0.4 

T158 2009 301 Company -0.012 3.27 28.6 6.0 59.0 6.4 

CJ 2010 75 Company -0.014 3.18 19.2 10.4 31.4 39.0 

Greer 2010 182 Company -0.012 3.26 32.8 6.0 53.4 7.8 

McGill 2010 137 Nebraska -0.007 3.24 53.8 18.4 21.2 6.6 

Robidoux 2010 173 Nebraska -0.01 3.20 28.4 20.2 30.2 21.2 

T154 2010 60 Company -0.013 3.30 28.4 7.0 56.8 7.8 
Brawl CL 

Plus 2011 200 Colorado -0.015 3.36 11.8 1.0 85.6 1.6 

Byrd 2011 219 Colorado -0.015 3.57 17.8 0.0 82.2 0.0 

Denali 2011 206 Colorado -0.018 3.51 2.0 0.0 98.0 0.0 

Garrison 2011 132 Oklahoma -0.012 3.15 13.4 27.0 21.4 38.2 

Ruby Lee 2011 236 Oklahoma -0.017 3.24 4.0 0.6 76.8 18.6 

SY Wolf 2011 311 Company -0.013 3.55 26.6 0.0 73.4 0.0 

T153 2011 55 Company -0.018 3.28 9.2 3.8 72.6 14.4 

TAM 113 2011 129 Taxes -0.011 3.16 15.2 30.6 23.2 31.0 
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Table B.4. Continued. 

Notes: Four categories: high yield potential and HD-tolerant (HyHt; yellow), low yield potential and HD-tolerant 
(LyHt; green), high yield potential and HD-sensitive (HyHs; blue), and low yield potential and HD-sensitive (LyHs; 
purple). The cultivar-specific color indicates the main characteristic with the largest proportion.  
 
 
 
 

Cultivars Release 
years 

No. of 
observations 

Cultivar 
source 

Average 
HD 

sensitivity 

Average 
simulated 

yields 

HyHt 
(%) 

LyHt 
(%) 

HyHs 
(%) 

LyHs 
(%) 

WB-Cedar 2011 243 Company -0.009 3.38 62.4 0.2 37.2 0.2 

1863 2012 88 Kansas -0.027 3.16 0.0 0.0 40.0 60.0 

Gallagher 2012 279 Oklahoma -0.023 3.38 0.0 0.0 99.8 0.2 

Iba 2012 254 Oklahoma -0.022 3.34 0.2 0.0 99.0 0.8 

LCS Mint 2012 363 Colorado -0.008 3.34 75.4 1.0 23.4 0.2 
SY 

Southwind 2012 79 Company -0.002 3.29 73.8 12.6 9.0 4.6 
WB-

Grainfield 2012 415 Company -0.021 3.50 0.0 0.0 100.0 0.0 

LCS Wizard 2013 110 Colorado -0.010 2.94 1.2 54.2 0.2 44.4 

Oakley CL 2013 91 Kansas -0.023 3.89 1.8 0.0 98.2 0.0 

WB4458 2013 213 Company -0.016 3.35 11.8 0.6 85.0 2.6 

Kan Mark 2014 86 Kansas 0.002 3.33 80.6 9.8 5.6 4.0 
SY 

Monument 2014 306 Company -0.024 3.62 0.0 0.0 100.0 0.0 

TAM 114 2014 170 Taxes -0.022 3.54 0.6 0.0 99.4 0.0 

TAM 204 2014 153 Taxes -0.011 3.22 31.6 13.4 35.8 19.2 

Bentley 2015 140 Oklahoma -0.017 3.32 11.8 0.4 77.4 10.4 

Joe 2015 60 Kansas -0.015 3.97 26.2 0.0 73.8 0.0 

LCS Pistol 2015 118 Colorado -0.011 3.14 20.8 28.4 14.4 36.4 

SY Flint 2015 115 Company -0.012 3.17 28.0 12.8 18.6 40.6 

Antero 2016 112 Colorado -0.018 3.89 11.8 0.0 88.2 0.0 

Avery 2016 134 Colorado -0.009 3.53 59.0 0.0 41.0 0.0 

LCS Chrome 2016 184 Colorado -0.023 3.43 0.2 0.0 99.6 0.2 

Larry 2016 71 Kansas -0.023 3.18 5.4 1.2 46.0 47.4 

Bob Dole 2017 60 Kansas -0.042 3.27 0.0 0.0 72.6 27.4 
LCS Link 2017 62 Colorado -0.024 3.61 5.0 0.0 94.4 0.6 

SY 517 CL2 2017 58 Company -0.028 3.03 0.2 0.2 8.2 91.4 

SY Grit 2017 94 Company -0.017 3.04 4.0 15.6 7.4 73.0 

Tatanka 2017 56 Kansas -0.023 3.78 7.2 0.0 92.6 0.2 

WB4269 2017 80 Company -0.002 3.61 76.4 0.0 23.4 0.2 

WB4303 2017 77 Company -0.011 3.45 47.8 0.0 47.6 4.6 

WB4721 2017 94 Company -0.020 3.48 4.0 0.0 95.2 0.8 

Langin 2018 170 Colorado -0.021 3.83 1.8 0.0 98.2 0.0 

SY Rugged 2018 143 Company -0.017 3.39 9.6 0.4 88.2 1.8 
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Table B.5. Prediction accuracy for the preferred and alternative models. 

Notes: The preferred model (M1) allows the effect of HD during heading to maturity period (p3) to vary across 
cultivars. The second model (M2) allows the effects of extreme degree days (EDD) and HD during p3 to vary across 
cultivars, and the third model (M3) allows the effects of all climate indices to vary across cultivars. Additionally, we 
also replaced growing degree days (GDD), freezing degree days (FDD), and EDD during specific phenological periods 
with average temperature (Tavg) and a quadratic term (Tavg2) during three phenological periods to estimate the HD 
sensitivity by allowing the effects of HD (M4) or all climate variables (M5) to vary across cultivars. Each model is 
run 100 times, with each iteration using a random selection of 80 percent of the 25,359 observations. Parameter 
estimates are then used to predict yields for the omitted 20 percent in each subsample. The average root-mean-squared-
errors (rmse) are reported for these predictions. The smaller the rmse, the better the performance of the model. 
  

Model  rmse 

M1: Preferred 1.035 

M2: Preferred model + interaction terms of EDDp3 with cultivars 1.042 

M3: Preferred model + interaction terms of all other climatic variables with cultivars 1.092 

M4: Same as M1 but replacing temperature indices with Tavg and Tavg2 1.042 

M5: Same as M3 but replacing temperature indices with Tavg and Tavg2 1.050 
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Table B.6. Dataset subsets used for different analyses. All subsets are derived from the full dataset 
(25,359 observations across 150 winter wheat cultivars and multiple site-years). Each subset was 
selected to address specific research questions. 
Analysis Objective Dataset Subset Purpose  Figure  
Breeding-driven yield 
trends across environments 

58 balanced cultivar ×  
environment groups 

Ensure comparability across  
environments Figure 3.2a 

Case study based on 
reference cultivar 

438 site-years (where ‘Arapahoe’ 
was grown) 

Compare yield trends under  
favorable/adverse conditions Figure 3.2b 

Temporal changes in HD 
resilience 

435 groups (derived from full 
dataset, based on release-year 
window) 

Regression for each group to show  
temporal changes in HD resilience  Figure 3.3a 
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Appendix C - Supplemental Information for Chapter 4 

 

Text C.1 Calculation of GDD, FDD, and EDD  

We calculated growing degree days (GDD, oC days), freeze degree days (FDD, oC days) 

and extreme degree days (EDD, oC days), as follows:   

															𝐺𝐷𝐷 = a(𝑇@
)@ST*<+@

U

@:B

− 𝑇()*+)																																𝑇()*+ = 0℃																									(S1)	 

													𝐹𝐷𝐷 = a𝐷𝐷V

$

V:B

							𝐷𝐷V = u
	0																																𝑖𝑓	𝑇V ≥ 𝑇0IW 				
|𝑇V − 𝑇0IW|

24
												𝑖𝑓	𝑇V < 𝑇0IW 				

																				(S2) 

														𝐸𝐷𝐷 = 	a𝐷𝐷V

$

V:B

						𝐷𝐷V = u
	0																																𝑖𝑓	𝑇V < 𝑇V3XV
&𝑇V − 𝑇V3XV/

24 											𝑖𝑓	𝑇V ≥ 𝑇V3XV
																							(S3) 

where 𝑇@
)@ST*<+@  is the adjusted mean temperature (oC) on day d, which is calculated by (1) 

imposing a maximum of 30oC and a minimum of 0oC on the daily minimum and maximum 

temperatures, and (2) taking the average of these adjusted minimum and maximum temperatures1. 

Tbase is the base temperature for winter wheat (0oC). D is the number of days. Th is the simulated 

hourly temperature derived from daily maximum and minimum temperatures2. DDh represents 

degree days for hour h, and H is the number of hours. Tlow is the cold stress threshold (-11oC and 

0oC during p1 and p2 periods, respectively)3,4, while Thigh denotes the heat stress threshold (30oC 

during p2 and p3 periods)5. 

 

Text C.2 Quantifying the impact of climate trends with a fixed growing season 

Following the approach of previous studies6,7, we used the winter wheat calendar 

developed by Sacks et al. (2010)8, which provides planting and harvest dates at a 0.5o resolution 



122 

around the year 2000 (Table C.1), to obtain location-specific planting and harvest dates from the 

nearest grid. For each of the 1,101 site-years included in our preferred model (Eq. 2 in Main Text), 

we calculated the climate variables including mean temperature (Tm, oC) and total precipitation 

(P, mm) during the entire growing season. We then modified our model (Eq. 2 in Main Text) by 

replacing the original climate variables with the following specification: 

                         &𝑓𝑊0,<; 𝛽J)K/ = 𝛽B𝑇𝑚0,< + 𝛽7𝑇𝑚0,<
7 + 𝛽9𝑃0,< + 𝛽D𝑃0,<7 																		(S4) 

where f(Wl,t; βvar) represents the effects of climate variables with their corresponding coefficients 

β. Here, “l” and “t” denote specific locations and years, respectively. Quadratic terms (Tm2 and 

P2) were included to capture nonlinear responses (Table C.3). Finally, for the 12 long-term trial 

sites, we quantified the impact of climate trends under the fixed growing season framework using 

the same procedure described in the Main Text but applying Eq. S4. 
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Figure C.1. Time series of winter wheat heading dates at 12 trial sites. The map shows all trial sites 
compiled in this study (circles) and the 12 long-term trial sites (black dots). Background shading 
represents the county-level average harvested area of winter wheat in the U.S. during 2001-2020, 
based on USDA-NASS data. Surrounding panels show observed time series of heading dates at 
the 12 long-term sites. Red lines represent the linear regression trends, with “*” and “**” indicating 
p-value < 0.1 and p-value < 0.05, respectively. 
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Figure C.2. Spatial distribution of sites with observed maturity dates. 
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Figure C.3. Performance of maturity date estimations. Scatterplot comparing observed versus 
estimated maturity dates across all available site-years (N = 79). The black line indicates the 1:1 
line. 
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Figure C.4. Average phenology (days of year, DOY) for sites included in our dataset. a-c, 
Estimated double ridge (a) and maturity dates (c), and observed heading dates (b) across trial years 
in our dataset. 
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Figure C.5. Spatial distribution of sites with observed planting dates. a, 296 sites with observed 
planting dates (gray) and 68 sites where planting dates needed to be estimated (red). b, Estimated 
average planting dates. 
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Figure C.6. Performance of heading date estimations. Scatterplot comparing observed versus 
estimated heading dates across all available years at the 12 long-term sites (N = 517). The black 
line indicates the 1:1 line. 
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Figure C.7. Time series of heading dates at 12 sites from 1960 to 2024. Red lines represent the 
linear regression trends. 
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Figure C.8. Time series of maturity dates at 12 sites from 1960 to 2024. Red lines represent the 
linear regression trends. 
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Figure C.9. Trend in temperature and phenology from 1960 to 2024 at three regions. a, Mean 
temperature (Tm) during winter (December-February). b, Tm during spring (March-May). c, 
Double ridge (DR) dates. d, Heading (HD) dates. e, Duration of the DR-HD phase. f, Tm during 
the DR-HD phase. Bars represent mean trend estimates, and error bars indicate the 95% confidence 
intervals. 
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Figure C.10. Time series of duration from heading (HD) to maturity (MT) at 12 sites during 1960-
2024. Red lines represent the linear regression trends. 
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Figure C.11. Estimated impacts of temperature and precipitation trends from 1960 to 2024 at 12 
sites using fixed growing season (a) and phenology-based (b) approaches. Values are expressed 
as a percentage of the average yield in our samples (2.3 t ha-1). Error bars show the 2.5th-97.5th 
percentiles from 1,000 bootstrap replicates. 
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Table C.1. Links to public datasets for crop and climate data. 

Notes: Kansas Variety Test Reports data from 1982-1994 were from printed documents that we digitized at the 
Department of Agronomy and Kansas Climate Center, Kansas State University. 
 

 

 
 
 
 
 
 
 

Datasets Links 

Yield and heading 
dates (USDA-ARS) 

https://www.ars.usda.gov/plains-area/lincoln-ne/wheat-sorghum-and-forage-
research/docs/hard-winter-wheat-regional-nursery-program/research/  

Crop Calendar Dataset 
(Sacks et al., 2010) 

https://sage.nelson.wisc.edu/data-and-models/datasets/crop-calendar-dataset/netcdf-0-
5-degree/  

Planting dates  
(Variety Test 
Reports) Links 

South Dakota 
https://extension.sdstate.edu/winter-wheat-variety-trial-results  
https://openprairie.sdstate.edu  

Nebraska 
https://digitalcommons.unl.edu/extensionhist/  
https://cropwatch.unl.edu/variety-testing/wheat/  

Colorado 
https://csucrops.org/winter-wheat/  
https://archives.mountainscholar.org/digital/collection/p17393coll54/search  

Kansas https://www.ksre.k-state.edu/historicpublications/report-progress.html  

Oklahoma 

http://croptrials.okstate.edu/wheat/grain-yield  
https://digitalprairie.ok.gov/digital/collection/stgovpub/id/23998  
https://www.okwheat.org/research-documents/variety-trials/  
https://search.okstate.edu/?q=wheat+performance+test  

Texas https://varietytesting.tamu.edu/small-grains-archives/  

North Dakota 
https://www.ag.ndsu.edu/fss/variety-trials/winter-wheat/  
https://www.ag.ndsu.edu/HettingerREC/archive/agronomy/  

Montana https://agresearch.montana.edu/nwarc/annual-reports/  
Minnesota https://varietytrials.umn.edu/winter-wheat  
Wyoming https://www.uwyo.edu/uwexpstn/research-results-impacts/variety-trials/wheat.html  

Iowa 
https://dr.lib.iastate.edu/search?query=winter%20wheat%20variety%202024&scope=7
6c07a07-0ef0-419f-a96a-1cadbca8fcb2  
https://crops.extension.iastate.edu/post/2024-winter-wheat-variety-trial-results  

Missouri https://varietytesting.missouri.edu/archive.htm  
New Mexico https://clovissc.nmsu.edu/research/trials.html  
Climate dataset Link 
NClimGrid-daily https://www.ncei.noaa.gov/products/land-based-station/nclimgrid-daily 

https://www.ars.usda.gov/plains-area/lincoln-ne/wheat-sorghum-and-forage-research/docs/hard-winter-wheat-regional-nursery-program/research/
https://www.ars.usda.gov/plains-area/lincoln-ne/wheat-sorghum-and-forage-research/docs/hard-winter-wheat-regional-nursery-program/research/
https://sage.nelson.wisc.edu/data-and-models/datasets/crop-calendar-dataset/netcdf-0-5-degree/
https://sage.nelson.wisc.edu/data-and-models/datasets/crop-calendar-dataset/netcdf-0-5-degree/
https://extension.sdstate.edu/winter-wheat-variety-trial-results
https://openprairie.sdstate.edu/
https://digitalcommons.unl.edu/extensionhist/
https://cropwatch.unl.edu/variety-testing/wheat/
https://csucrops.org/winter-wheat/
https://archives.mountainscholar.org/digital/collection/p17393coll54/search
https://www.ksre.k-state.edu/historicpublications/report-progress.html
http://croptrials.okstate.edu/wheat/grain-yield
https://digitalprairie.ok.gov/digital/collection/stgovpub/id/23998
https://www.okwheat.org/research-documents/variety-trials/
https://search.okstate.edu/?q=wheat+performance+test
https://varietytesting.tamu.edu/small-grains-archives/
https://www.ag.ndsu.edu/fss/variety-trials/winter-wheat/
https://www.ag.ndsu.edu/HettingerREC/archive/agronomy/
https://agresearch.montana.edu/nwarc/annual-reports/
https://varietytrials.umn.edu/winter-wheat
https://www.uwyo.edu/uwexpstn/research-results-impacts/variety-trials/wheat.html
https://dr.lib.iastate.edu/search?query=winter%20wheat%20variety%202024&scope=76c07a07-0ef0-419f-a96a-1cadbca8fcb2
https://dr.lib.iastate.edu/search?query=winter%20wheat%20variety%202024&scope=76c07a07-0ef0-419f-a96a-1cadbca8fcb2
https://crops.extension.iastate.edu/post/2024-winter-wheat-variety-trial-results
https://varietytesting.missouri.edu/archive.htm
https://clovissc.nmsu.edu/research/trials.html
https://www.ncei.noaa.gov/products/land-based-station/nclimgrid-daily
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Table C.2. Coefficient estimates from modelling regression. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Notes: Specific phenological periods: planting to double ridge (p1), double ridge to heading (p2), and heading to 
maturity (p3). Confidence intervals (CI) and p-values were estimated using clustered standard errors by location. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  

Variables Coefficients CI p-values 

FDDp1 (oC day) -0.0015 [-0.0022, -0.0007] <0.001 

FDDp2 (oC day) -0.0220 [-0.0424, -0.0016] 0.0343 

EDDp2 (oC day) -0.0169 [-0.0651, 0.0313] 0.4926 

EDDp3 (oC day) -0.0176 [-0.0282, -0.0071] 0.0011 
Prcpp1 (mm) 0.0030 [0.0004, 0.0056] 0.0214 
Prcpp2 (mm) 0.0052 [0.0023, 0.0082] <0.001 
Prcpp3 (mm) 0.0011 [-0.0017, 0.0040] 0.4373 

Prcp2p1 (mm) -4.20E-06 [-8.78E-06, 3.70E-07] 0.0716 

Prcp2p2 (mm) -2.46E-05 [-3.32E-05, -1.61E-05] <0.001 

Prcp2p3 (mm) -1.01E-05 [-1.89E-05, -1.39E-06] 0.0230 
P1 (day) -0.0088 [-0.0131, -0.0045] <0.001 
P2 (day) 0.0293 [0.0132, 0.0454] <0.001 
P3 (day) 0.0093 [-0.0208, 0.0393] 0.5453 

Observations 1,101     
R-squared 0.38   

AIC 2,813   
p-value (F-test) <0.001     
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Table C.3. Coefficient estimates from modelling regression. 
 
 
 
 
 
 
 
 
 
 
 
 

Notes: Confidence intervals (CI) and p-values were estimated using clustered standard errors by location. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Variables Coefficients CI p-values 
Tm (oC) 0.1493 [0.0630, 0.2356] <0.001 
Tm2 (oC) -0.0131 [-0.0177, -0.0084] <0.001 

Prcp (mm) 0.0057 [0.0039, 0.0075] <0.001 
Prcp2 (mm) -5.37E-06 [-7.11E-06, -3.64E-06] <0.001 

Observations 1,101     
R-squared 0.35   

AIC 2,845   
p-value (F-test) <0.001     
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